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Social media is international: users from different cultures and language back-
grounds are generating and sharing content. But language barriers emerge in the
communication landscape online. In the quest for language diversity and universal
access, the vision of a cosmopolitan Internet has stumbled over the language frontier.
Expatriates, minorities, diasporic communities, and language learners play an
important role in forming transnational networks, creating social ties across borders.
Many users of social media are multicultural and multilingual; they are mediat-
ing between language communities. In the microblogging site Twitter, information
spreads across languages and countries. How are multilingual users of Twitter con-
necting language groups? What are the factors influencing their language choices?
This research advances a step towards understanding the network structures and
communication strategies that enable intercultural dialog, cross-language sharing of
information, and awareness of global problems.
This dissertation research aims at: (1) exploring the ways in which multilingual
users of Twitter are connecting different language groups in their social network; (2)
modeling how the network influences their language choices; (3) and exploring what
the textual features of their posts can elicit about language choices and mediation
between groups.
This dissertation goes beyond survey information about multilingualism and
provides a deeper understanding about the structural relations between language
communities in Twitter. This research work is one of the few that apply social
network analysis to the study of sociolinguistic questions on the Internet. Focusing
on the social networks of multilingual users, this dissertation contributes an original
classification of network types based on the patterns of connections between language
groups. Also, it applies the novel idea of modeling the influence of network factors in
the language choices of the user. Finally, this dissertation tests the hypothesis that
the type of exchange influences language choice, and explores with a theme analysis
how other textual features might elicit cross-cultural awareness. These results can
inform the design of social media platforms.
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[G]lobalization is characterised by unprecedented flows of information, ex-
changes among different groups and networks that transcend the local and
national [116, p. 9].
As the number of Internet users from different parts of the world grows [58], so
does the use of a wealth of languages online [89]. The Internet is not accessed only
through computers, but also through cellphones and tablets; this trend is enabling
more people in developing countries and speakers of a plethora of languages to access
it [58]. While access to the Internet and communication flows are greater than ever
before, there is evidence of fragmentation due to language and national borders on
the Web [44], and on the blogosphere [53, 47]. Also, many authors warn about the
existence of a “linguistic digital divide” that prevents many users of the Internet
from having access to relevant information in their languages [78, 67, 68, 8].
In the past years, social media has emerged as horizontal networks of commu-
nication, where a complex interplay takes place between mainstream media, jour-
nalists, political actors, grassroots activists, citizens and technology [13, 77]. On
the one hand, there are powerful social actors shaping the linguistic landscape of
the Internet with a top-down approach, like national and supranational institutions,
broadcasting media, and companies with interests in transnational business [30]. On
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the other hand, users of social networks and content-sharing platforms constitute a
counter-power [13], reshaping this linguistic landscape with their contributions.
Social media has enabled valuable social outcomes such as spontaneous or-
ganization during humanitarian crisis [98], public denunciations of human rights
violations [85], creation of relevant content for communities that are underserved in
terms of information on the Internet and in their languages [102], and foreign lan-
guage practice and participation in transnational interest communities and diaspora
communities [100].
Many researchers and media outlets are turning their attention to the mi-
croblogging site Twitter. They have realized the potential of Twitter for spreading
information of unfolding events in real-time across languages and geographic regions
[55, 77]. But how are the news traveling across language frontiers?
In this dissertation, I study how multilingual users of Twitter mediate between
language groups in their social network, focusing on social connections and language
choice. My long-term goal is to advance our understanding of the network struc-
tures and communication strategies that enable intercultural dialog, cross-language
sharing of information, and awareness of global problems.
This research goes beyond survey information about multilingualism: I apply
social network analysis to gain a deeper understanding about the structural relations
between language communities in Twitter. I focus on the social networks of multi-
lingual users and contribute a classification of network types based on the patterns
of connections between language groups. Also, I propose and apply the novel idea
of modeling the influence of network factors in the language choices of the user.
2
1.1 What is Twitter?
In Twitter, users share posts with followers; these posts are limited to 140
characters and often include links to webpages, images and other resources. Twitter
has characteristics of a social network —although relationships do not need to be
reciprocal— and an information-sharing network, where both mainstream media
and user-generated content are disseminated publicly [69, 77]. The posts of the
people a user follows are laid out in a vertical stream, in inverse chronological order,
i.e. the most recent posts are at the top and the user can scroll down the screen to
read the previous messages. Twitter posts can be of three types:
1. an original comment by the author;
2. a reposting of a comment authored by someone else, the user that passes the
message along can do it either by means of the button “Retweet” or preceding
copied text by “RT”, “rt”, or other markers of attribution (see figure 1.1);
3. a reply or comment addressed to a particular user by means of a “mention”,
the @ sign followed by a username.
The key to the success and novelty of Twitter is due to the speed of information
dissemination and the fact that most of this information is publicly accessible. For
instance, it takes a “tweet” less than one hour on average to be reposted and, if it
gets beyond that first hop, it will be reposted almost instantly in subsequent hops,
reaching an average of 1000 people [69].
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Figure 1.1: Two Twitter repostings. The authors’ usernames at the top of each message have
been erased for privacy reasons, as well as the usernames next to “Retweeted by”; the later users
reposted them by clicking the Retweet button. The message at the top was previously reposted
copying the text and preceding it by RT and the mention of the original author’s username, which
is partially shown (@k). Screenshot taken in 2011 reflecting interface design at the time of data
collection. For more images and details on the evolution of Twitter’s interface until 2011, see [114]:
http://blog.bufferapp.com/how-twitter-evolved-from-2006-to-2011.
As a consequence, there is an emergent body of research literature studying
how to leverage Twitter’s tremendous potential for “participatory sensing” and col-
laboration [28], enabling “situational awareness” in emergency events [105], and
functioning as an “awareness system” for journalism [51].
1.2 Motivation
The underlying motivation for my research is promoting language diversity
and facilitating access to multilingual information on the Internet, thus everybody
can benefit from it for communicating, learning, making business, sharing ideas and
resources. However, multilingualism also brings new challenges, like the segregation
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of information and communication spheres, which can hinder the potential of the In-
ternet for discovery, cross-cultural awareness, intercultural dialog, and transnational
collaboration to find solutions for local conflicts and global problems.
To support my views, I highlight below the relevant points of the “Geneva
Declaration of Principles” [115] for an inclusive Information Society, approved at
the World Summit of the Information Society in 2003:
• The international management of the Internet should facilitate access for all,
taking into account multilingualism.
• The Information Society should foster and respect cultural and linguistic
diversity, dialogue among cultures and civilizations, and encourage in-
ternational cooperation.
• Everyone should have the right to seek, receive, and impart information and
ideas through any media and regardless of frontiers.
These principles are based on prior international declarations, such as the
UNESCO’s “recommendation concerning the promotion and use of multilingualism
and universal access to cyberspace” [103].
The Declaration of Principles states the importance of a “rich public domain
[...] for the growth of the Information Society, creating multiple benefits such as an
educated public, new jobs, innovation, business opportunities, and the advancement
of sciences” [115, p. 4]. Similar supporting arguments come from the Internet
Society, which is an non-profit international organization that provides leadership
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for Internet policy and technology standards [59]. The Internet Society’s vision was
remarkably conveyed by Vint Cerf in his 1999 speech “The Internet is for Everyone”
[14].
Also, I was inspired by Zuckerman’s comparison of cosmopolitan cities with
the Internet [119]; using this metaphor, he proposed to plan and design technol-
ogy for creating the structure that fosters social contact, vibrant communities, and
discovery, to fulfill the vision of an internet that constitutes a truly cosmopolitan
space.
Unfortunately, there are innumerable challenges to achieve these goals that go
beyond the technical aspects, such as socioeconomic inequality, lack of infrastructure
in rural areas and disadvantaged parts of the world [34, 91], restrictive governmental
or private controls [107]. Indeed, the Internet has many types of frontiers and
barriers, but I am particularly interested in the language frontier.
1.2.1 Language bubbles?
The first language frontier many potential users encounter prevents them from
using the services on the Internet: the interfaces are not localized into their language,
writing system, and cultural conventions. There is a wealth of literature, mostly
practice-oriented, about localization of interfaces for improving usability and acces-
sibility of software products and websites targeting a global market [117, 50, 92].
Additionally, there are other —more subtle— language frontiers.
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Drawing similarities with the “filter bubble” problem, Scott Hale [46] writes
about “language bubbles” on the Internet. As an example, he shows the different set
of search results obtained for the query “Tiananmen Square” in English and Chinese
using the search engine Google [46]. The filter bubble [86] was a very discussed book
warning the public about the widespread use of algorithms for personalization of
search results and news feeds online without the knowledge or control of the end-
user [86].
This book, and other works expressing similar concerns, have triggered debate
about the decisions shaping the design of information systems and social networks,
and the impact they have on society. Maybe as a result of this debate, the recom-
mender systems community is making an effort to incorporate the values of diversity
and novelty into the recommendation models and algorithms [1]. However, as Hale
points out [46], system designers might not be taking into account the dimensions
of culture and language yet.
A research study of 25 language versions of Wikipedia by Hecht and Gergle [49]
serves to illustrate this ignored challenge. Wikipedia is an online encyclopedia built
with user contributions and revolves around the principle of reaching consensus on
concepts’ descriptions. Hecht and Gergle [49] found that more than 74% of concepts
in Wikipedia are described in only one language and there is a surprisingly small
overlap of concepts in different languages. For instance, in the case of two mature
language editions, the authors report that 51% of concepts in English are covered
in German, but only 16% of concepts in German are also in the English Wikipedia
[49].
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One implication is that we are seeing a substantially different knowledge repos-
itory depending on the language we use. This is not only a matter of insufficient
translation, but of concepts that are culture-specific or not considered relevant in
other languages, e.g. city districts, national sport teams [49].
A survey on the topology of web links determined that the number of hy-
perlinks that cross international borders is significantly lower than the number of
domestic hyperlinks [44]. Similarly, the blogosphere is fragmented into language
communities [80, 53, 47]. We see a different Internet depending on the language we
use, which is hindering our capabilities for sharing and learning, but this research
problem remains unexplored for the most part.
Notably, the field of multilingual information retrieval has a solid literature
body [87], including the design of multilingual search interfaces and the specific
problem of cross-language information retrieval, but is narrowly focused on search.
Also, there is a growing body of literature in the Semantic Web field about multilin-
gual ontologies, cross-language linking of data and resources [3], but its application
is limited to certain domains.
In general, there are scarce efforts to understand what are the network struc-
tures and communication environments that foster intercultural dialog, cross-language
sharing of information and resources, awareness of global problems, and interna-
tional collaboration.
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1.2.2 The bridges between the local and the global
Coupland [18] highlights how social relations become possible across distance
with the help of Information and Communication Technologies (ICTs) in this time of
unprecedented numbers of mobile trajectories and flows of populations. Expatriates,
migrants, minorities, diaspora communities, and language learners play an impor-
tant role in forming transnational networks and cultural bridges between nations
and communities.
Many users of the Internet are multicultural and multilingual. They sometimes
act as invisible translators. For instance, during casual daily interactions, they
might be passing information from one language community to the other, without
strictly translating, but re-contextualizing a story in a new language and culture [6].
Some ground-breaking initiatives are already taking advantage of multilingual users’
language skills for raising international awareness about local conflicts, human rights
violations, and advocacy causes. Such is the case of Global Voices, “an international
community of bloggers who report on blogs and citizen media from around the
world” [37].
In 2009, the Berkman Center for Internet and Society mapped the Arabic
blogosphere and described a key concept that has motivated this dissertation work.
They identified English and French “language bridges” on the Arabic blogosphere,
consisting of bloggers that wrote in English or French and their native (Arabic)
language, which connected the different national blogospheres with the international
one [32].
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Understanding what is the impact of these “language bridges” and how social
media is used for “reaching out to the world” and drawing the attention of inter-
national broadcasting media are still open questions of particular interest after the
popular uprisings during 2011 [16].
In the microblogging site Twitter, information spreads across languages and
countries [75, 76, 77] and, as I will show, this is possible thanks to multilingual
users that are mediating between language communities. “[T]he greatest connecting
power is the will of the users who want to be connected” [45], like in the example
of bloggers in Arab countries connecting with an international audience [32] or the
self-denominated “voluntweeters” after the earthquake in Haiti [98].
A world that faces global challenges, could benefit from leveraging the inter-
connections of its population for finding and sharing solutions from the local level
to the international level.
1.2.3 Values in the design of communication platforms
The localization of the interface into a diversity of languages and cultural
codes, support for non-latin scripts and bidirectional text displays, as well as pro-
viding assistive technologies for translation, are basic requirements for a globally
accessible communication platform [117, 50].
The debate about filter bubbles uncovers that information systems, online so-
cial networks, content-sharing and communications platforms are not neutral tools.
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The values and design decisions that underlie these systems [95] have an impact on
the users’ perceptions of the world and their behavior.
The design of Twitter and other information-sharing platforms comes with an
embedded set of values, like sharing, dissemination, being public and participative,
etc. In accordance with these values, research can shed light on how to leverage the
language skills and multicultural background of its users to promote dissemination
of information across language frontiers.
Even after designers identify the values they want to imprint in the system,
they still need to understand the challenges associated. For example, if we want a
communication and information-sharing platform that enables intercultural dialog
and collaboration, cross-language link sharing, and awareness of global problems,
we need to study how the system might be constraining the linguistic decisions of
multilingual users and impairing their ability to cross online frontiers. Also, we
should acknowledge and respect that, in some cases, certain communities might
have reasons for concealing information or resources.
1.3 An Ultimate Goal
The overarching goal that motivates my research is to advance our understand-
ing of the network structures and communication strategies that foster intercultural
dialog, cross-language sharing of information, and awareness of global problems. We
could leverage this knowledge to reduce the impact of language frontiers online, to
encourage social contacts and links to resources across languages, and to promote
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the use of multiple languages, i.e. instead of constraining multilingual users to one
language choice, empowering them to mediate between cultures.
Ultimately, who are the people and what are the reasons that connect different
cultural and linguistic groups? What can we do to foster and leverage these cross-
cultural connections for building a cosmopolitan space?
These are very broad and ambitious questions, and my research path has barely
started. In the next section, I narrow the scope to provide a founding ground for
this area of inquiry.
1.4 Objectives and Research Questions
This dissertation research aims at: (1) exploring the ways in which multilingual
users of Twitter are connecting different language groups in their social network; (2)
modeling how the network influences their language choices; (3) and exploring what
the textual features of their posts can elicit about language choices and mediation
between language groups.
This dissertation focuses on the microblogging site Twitter because it consti-
tutes an example of a social and information-sharing network where information
is disseminating across languages and countries (see subsection 1.2.2). Also, the
interface is available in a diversity of languages, supports various non-latin scripts,
bidirectional text, and it does not filter the posts by language. Therefore, it po-
tentially exposes the user to a multilingual conversation if she/he chooses to follow
people writing in different languages.
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Four questions drive this research:
1. In what ways are multilingual users of Twitter connecting language groups?
2. How is the social network of multilingual users in Twitter influencing their
choice of language?
3. Does the type of exchange in Twitter (i.e. public post, reply) influence the
language choice of multilingual users?
4. What the themes and textual features in the posts of multilingual users reveal
about cross-cultural awareness or international dialogue?
Inspired by an expanded paradigm of Web Content Analysis proposed by Her-
ring [52], this research includes social network analysis, natural language processing
for automatic language identification, theme and exchange analyses.
In this dissertation, the research subjects are Twitter users authoring posts in
English and at least another language. Focusing on the social network of these mul-
tilingual users, the methodology combines a qualitative approach to social network
analysis and network statistics to present a taxonomy of network types based on
the patterns of intersections and connections between language groups. The result-
ing theoretical constructs or categories answer the first research question. A factor
analysis based on two regression models will answer the second research question on
the social network influence in the language choices of multilingual users.
To answer the third research question, I test the hypothesis that the textual
feature indicating addressivity (@ sign) within the posts of multilingual users in-
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fluences their language choice. Finally, regarding the fourth research question, a
generic theme analysis will provide preliminary findings on topics that might help
in raising cross-cultural awareness, and on the reasons for using English keywords
in non-English posts.
1.5 Contributions and Audiences
The main contribution of this dissertation is that it goes beyond survey in-
formation about multilingualism and provides a deeper understanding about the
structural relations between language communities in a social network online. In
particular, this research proposes new specific network statistics to enhance the defi-
nitions of original theoretical constructs: the types of intersections between language
groups in social networks.
Inspired by previous studies on the blogosphere, I propose to apply social
network analysis to study sociolinguistic questions on the Internet. Adapting the
Ecology of Language theoretical framework from sociolinguistics to the social net-
work context, this research conceives of the social network of multilingual users as
a micro-scale language ecology, influencing their communication strategies and lan-
guage choices. This conceptualization leads to a second key contribution, which is
the novel idea of modeling the influence of social network factors in the language
choices of the user.
Other contributions include: the confirmation of previous empirical observa-
tions pointing to addressivity as a factor for language choice in Twitter, the iden-
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tification of themes that might be raising cross-cultural awareness, and the identifi-
cation of certain types of hashtags (keywords preceded by the # sign) and related
contexts that could encourage multilingual conversations.
Regarding the audiences that this dissertation addresses, the research area of
information diffusion in social networks could benefit from the findings about the
structural relations between language groups. More broadly, this work is relevant
to the fields of Information Studies and Social Informatics.
The lessons learned in this work could inform the design of socio-technical
systems. This research contributes to “understanding users” in the field of Human-
Computer Interaction, especially, in the areas of computer-supported cooperative
work and technology-mediated social participation. Also, this dissertation might be
of interest in the field of Language Technologies for potential applications.
This dissertation was inspired by works in Computer-Mediated Communica-
tion and constitutes another example of applying social network analysis in this
field, which is still rarely used.
Finally, other audiences include the fields of Digital Humanities, Sociolinguis-
tics, and Communications Studies, especially in relation to the Internet. Researchers
in these areas might find inspiration in this dissertation for exploring their research





I begin this chapter by reviewing relevant theoretical perspectives from So-
ciolinguistics in the context of globalization. The Global Language System theory
proposed by De Swaan provides a macro-scale perspective on language; it was later
reinterpreted by Calvet in his Ecology of World Languages, which includes an amal-
gam of views conforming the Ecology of Language approach. This approach com-
prises different levels of analysis in the study of languages: the macro-scale language
dynamics, described as language ecologies, emerge as a result of the interactions of
individuals, and their language choices at micro-scale level. However, Sociolinguis-
tics theories and methods remain too fragmentary.
Inspired by previous studies on the blogosphere, in this chapter I propose
to apply social network analysis to study sociolinguistic questions on the Internet.
Social network analysis enables us to understand the influence of micro-scale inter-
actions into macro-scale social dynamics; this analytical approach could enrich the
Ecology of Language perspective.
Finally, narrowing the scope to the particular environment of the Internet and
social media, I discuss and define the concepts that relate to interactions of users
and technology, with particular attention to multilingualism, language choice, and
language-switching.
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2.1 The Global Language System
De Swaan’s theory of communication potential and language competition,
called the “Global Language System” [26, 25, 27], illustrates the dynamics of the
world’s languages with a constellation metaphor: English constitutes the hyper-
central sun of the global constellation of languages. At the top level, supranational
subsystems —like Spanish, French, and Arabic— compete with English as languages
of global communication. There are a dozen supranational languages in this con-
stellation and a hundred national languages orbiting around them like planets. This
pattern appears at different levels in the system, starting in the periphery with local
languages surrounding a national language like the satellites of planets. The cen-
tral languages in each subsystem or cluster have a mediation function between local
languages.
A key point in De Swaan’s theory that is relevant to this research is the connec-
tion between the language groups through polyglots and interpreters. Multilingual-
ism and translation constitutes the gravitational force that provides cohesion to the
system, enabling communication and interaction between different language groups.
At the same time, speakers are confronted by multiple and competing linguistic
options. Individual and collective choices shape the system, but are themselves
influenced by the spheres of politics, economics, and culture [25].
De Swaan [26] proposes a formula to determine the communication potential
of a language, which could influence the decision of people to learn it. The factors
that the formula takes into account are: the number of speakers of the language and
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the number of multilingual speakers that know the language. The number of mul-
tilingual speakers is related to the centrality of the language in the system. These
multilingual speakers increase the communication potential value of a language be-
cause they enable connections with other languages in the system. For instance, in
the language subsystem of the European Union (E.U.), German has a high com-
munication potential value due to the large number of speakers in the region, but
English has a higher value due to the lager number of multilingual speakers compe-
tent in English, which provides the opportunity to communicate with people from
many different countries in the E.U. [27].
De Swaan already mentions network concepts that will be introduced in sec-
tion 2.3: the “centrality” of a language in the system, which accounts for the medi-
ation potential between that language and others thanks to the number of polyglots
speaking it; these polyglots are facilitating “linkages or connections” among lan-
guages, which are necessary for the “cohesion” of the system.
The constellation metaphor serves to illustrate the following concepts: lan-
guages of local communication (described as “satellites” or “the periphery”), lan-
guages of regional communication (illustrated as “planets”), and languages of global
communication (represented as the “central stars”). When considering the linkages
between language groups and the communication potential, the following terms are
used given a particular context or region: a vernacular language is the first language
of the majority of its users, a lingua franca is the second language of the majority of
its users, who speak different first languages, and in the case of a vehicular language
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there is a balance between the number of speakers that use it as a first language
and the number of speakers that use it as a second language [2].
2.2 The Ecology of Language
While De Swaan’s theory places English as a hyper-central sun and uses socio-
economic concepts to assign a “value” to languages, the Ecology of Language ap-
proach adds nuanced views regarding language hierarchies. For instance, this ap-
proach addresses the phenomena of “ethnic revivals” as a form of counter-power in
the language dynamics of a globalized world [56, 30, 13], where the socio-economic
approach of De Swaan falls short.
Borrowing concepts from the field of Ecology, Haugen introduced the Lan-
guage Ecology approach and the notion of the co-evolution of languages and their
interdependence within a social system [19, 71, 48]. Hornberger [56] synthesizes
this analytical approach as taking into account all languages in a given ecosystem,
recognizing their social spaces and contexts. Adapting the Ecology of Language
approach to Twitter, this research conceives of the social network of multilingual
users as a micro-scale language ecology, influencing their communication strategies
and language choices.
Under the ample umbrella of this approach and its various names (language or
linguistic ecology, ecology of languages, and ecolinguistics), there is a diverse group
of authors and works painting the multifaceted social, political, and cultural reality
surrounding the languages of the world. However, this painting is, for the most part,
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fragmentary in nature. While the works of the Ecology of Language generally focus
on micro-sociology problems, such as managing multilingualism in South African
and Bolivian classrooms [56], De Swaan proposes a planetary vision. In essence, the
difference between the two perspectives is based on the scale of the analysis.
Calvet provides an integrative perspective in his book Towards and Ecology of
World Languages [11]. Calvet reinterprets De Swaan’s theory as the “gravitational
model”, which describes the global ecosystem of languages, or the macroscopic scale,
and complements it with other models that account for phenomena in lower scales,
such as internal regulation of languages, social and official functions of languages,
and identity [71]. In this way, the Ecology of Language does not exclude the Global
Language System theory by De Swaan, but embraces it as part of this inclusive
approach.
In summary, the Ecology of Language comprises various levels of study in
sociolinguistics, from microscopic to macroscopic scale: from the individuals inter-
acting to the population, and ultimately, the ecosystem of society, policy, economics,
and communication media [71]. However, this framework lacks a connecting tool
between those levels of analysis, i.e. how global language dynamics emerge from
individual interactions and language choices. Inspired by Language Networks on
LiveJournal [53] —one of the first studies in taking a network analysis approach
to study languages in social media—, I propose to apply social network analysis to




Building on a long tradition of network analysis in sociology and anthro-
pology [...] and an even longer history of graph theory in discrete mathemat-
ics [...], the study of networks and networked systems has exploded across the
academic spectrum [109](243).
The science of networks provides a new framework to understand complex
systems in biology, sociology, communication technologies, business, etc [7]. Network
structure is “thought to influence individual (micro) and collective (macro) behavior,
as well as the relationships between the two”, and has provided useful insights in the
study of the spread of disease and information dissemination [109](256). Similarly,
networks could help us gain a deeper understanding of language use in society, in
communication technologies, and of language effects on information dissemination.
2.3.1 Concepts of Social Network Analysis
Social network analysis (SNA) studies the network structure of relations be-
tween people to understand social phenomena, instead of categorizing human be-
havior based on individual inner forces [80]. In SNA, people are represented as nodes
of a social graph. The nodes are connected by edges, or social ties, that could be
reciprocal or just a one way relation, like the “follower of” relation in Twitter.
In this work, I will use an important type of subgraph: the egocentric network.
The egocentric network is obtained by selecting an individual node, called the ego,









Figure 2.1: Egocentric network with degree 1 (left) and with degree 1.5 (right).
network of an individual with his or her contacts. An egocentric network that
includes only the connections with the ego has degree 1. More frequently, researchers
are interested in including the connections among the ego’s contacts, in this case the
egocentric network has degree 1.5 [38]. Figure 2.1 illustrates these basic concepts.
The egocentric network has become a standard unit of measurement for studying
small scale interactions (or micro-sociology) [41, 80].
An edge that constitutes the only connection between two groups of nodes
is called a bridge [38], which is a mathematical concept. Bridges are of special
importance for the dissemination of information from one group to the other [41, 42].
In this context, gatekeepers are people enabling communication between two
groups. Multilingual users of Twitter might be in a position of their social network
where information necessarily has to pass through them to reach the other language
group. This has several implications: the gatekeeper’s role is critical for spreading
news between communities and for rising cross-cultural awareness, but they could
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broker information to their advantage [80], or they could be conservative in their
decisions to transfer information to one group for cultural reasons [82]; in either
case, places where we find gatekeepers could be considered structural holes between
communities.
Communities or clusters are composed by nodes that are more connected to
one another than with the rest of the social graph. For example, imagine a town with
different neighborhoods, where almost everybody that lives in the same neighbor-
hood knows each other, but they know fewer people from the other neighborhoods.
There are a variety of automatic methods to detect clusters or communities based
on network structure [38]. Figure 2.2 shows a schematic view of how people are con-
nected in clusters. In Twitter, clusters form due to language, geography, or topic of
interest, but this research focuses on language clusters.
The cohesion of a social graph is a count of the minimum number of edges
that prevent the entire graph from breaking in isolated components [38]. These
types of edges that connect clusters of people are critical for providing cohesion to
the society, building a sense of community, and for effective self organization and
collective action across language groups [41, 42].
Centrality is a core concept in SNA, and measures how “central” a node is in
the network to estimate its importance [38]. There are different centrality measures
that account for various reasons why a node might be important. For instance,
degree centrality counts the number of edges or connections a node has. In this
work, and in De Swaan’s theory (explained in section 2.1), the relevant centrality
measure is betweenness centrality, which captures how important a node is in the
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Figure 2.2: Schematic view of a network with clusters. Clusters (or communities) are composed
by nodes that are more connected to one another than with the rest of the social graph. This
dissertation focuses on language clusters. This visualization is an extract from a open access
journal article [63]: M. Kaiser, M. Görner, and C. C. Hilgetag. (2007). Criticality of spreading
dynamics in hierarchical cluster networks without inhibition. New Journal of Physics: http:
//iopscience.iop.org/1367-2630/9/5/110/fulltext/
flow of information from one part of the network to another [38]. In other words,
betweenness centrality reveals the potential mediators or gatekeepers.
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2.3.2 A network perspective on Sociolinguistics
In this dissertation, I focus on multilingual users of Twitter as mediators be-
tween language clusters. For example, imagine a user posting in English and Span-
ish. In Twitter, she follows the updates of researchers posting in English, but also
the Twitter accounts of Spanish local media. Her friends in Spain are connected with
her in Twitter, and also her colleagues in the United States. This user sometimes
posts in Spanish commenting on local news or replying to some Spanish friend. Of-
ten, she posts in English to disseminate research content. She might post in English
to draw international attention about important events in Spain.
This dissertation hypothesizes that the language choices this user makes ev-
ery time she writes a post will be influenced by the language composition of her
social network and, in turn, will have an impact on it. In section 2.2, adapting
the Ecology of Language approach to Twitter, I propose to conceptualize the social
network of multilingual users as a micro-scale language ecology, influencing their
communication strategies and language choices.
Also, this dissertation investigates what is the structural relation between the
language clusters in the social network of this user to develop methods for detecting
gatekeepers or structural holes. Future research on information dissemination could
benefit from these methods that account for the language effect.
An early work that inspired the question of multilingual users as mediators,
at the micro-socioloy scale, was the research on gatekeepers by Metoyer-Duran in a
variety of ethnolinguistic communities in the United States (American Indian, Chi-
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nese, Japanese, Korean, and Latino) [82]. She studied their profiles (multilingual
and multi-literate), their behavior as information providers in their respective com-
munities and how they utilize their interpersonal network and new technologies [82].
Her study identified the profiles that facilitated access to information resources for
underserved communities.
At the macroscopic scale, giant clusters in the social network might represent
language communities at international level, in some cases roughly corresponding
with national borders. For illustrating this idea, I include a visualization of European
language communities in Twitter from a recent study [83]; in figure 2.3 the dots
represent Twitter posts with geolocation information and the colors differentiate the
languages of the posts. However, at the micro-scale, there are pockets of expatriates
and diverse ethnolinguistic communities (similar to those studied by Metoyer-Duran)
immersed in these giant clusters, where multilingualism is present.
A pair of language communities that share more connections through multi-
lingual individuals or translations than other pairs would have a “communication
highway” between those two languages. Continuing with the metaphoric theme
of roadways, if only a few multilingual gatekeepers and translations connect both
language communities, there would be a “rope bridge” crossing the structural hole.
However, these relationships between languages are rarely reciprocal, in other words,
the communication highway might be one way only. For instance, statistics on lit-
erature translation in Europe reflect the dominance of English as a source (origin
of the translation) and, in the other extreme, low percentages of non-European lan-
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Figure 2.3: European language communities in Twitter. The colored dots represent Twitter
posts with geolocation information and their colors differentiate the languages of the posts. Giant
language clusters roughly overlap with national borders at the macro-scale. However, at the micro-
scale, there are pockets of expatriates and minority languages immersed in these giant clusters.
This visualization is an extract from a journal article published under creative commons license
[83]: Mocanu D, Baronchelli A, Perra N, Gonalves B, Zhang Q, et al. (2013) The Twitter of Babel:
Mapping World Languages through Microblogging Platforms. PLoS ONE 8(4): e61981
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guages as a source [74]. For this reason, studying language choice is important to
understand the directionality of information flows.
Network science connects the microscopic scale (eg. the multilingual user in-
teracting with her network and switching between languages) and the macroscopic
scale (eg. the language dynamics in the Twitter system). The problem of model-
ing language competition exemplifies the connection between the microscopic and
macroscopic scales in sociolinguistics.
When looking at the different outcomes these models predict over time, there
are cases of language death, language dominance, language coexistence, language
fragmentation into multiple languages, which reminds of the Language Ecology ap-
proach. Vazquez et al. [104] described the idea underlying these models: collective
social phenomena are studied in terms of interacting agents, which are represented
as nodes in a network of social interactions; nodes can change their language accord-
ing to specified rules of interaction with the neighbors in the network. The models
include probabilities to switch languages determined by the local density of speakers
of the opposite language, prestige of the language and other parameters [104].
The rules of interaction and probabilities to switch languages belong to the
microscopic level, but the simulation of interacting agents generates macroscopic
results. For example, the Bilinguals Model with three types of people —speakers of
language X, speakers of language Y, and bilingual speakers— shows how the social
structure influences the final outcome: the lower the cohesion of the network, the
higher the chances of evolving into one dominant language [104].
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Using social network analysis in Sociolinguistics is not straightforward. Repre-
senting people as nodes requires careful thinking for assigning individual attributes,
like the languages they understand, the languages they use, level of language com-
petence and literacy, race or ethnic identity, genre, etc. Additionally, nodes can
have a location attribute, which overlaid on a map can distinguish the expatriates
and migrant populations. Also, nodes can represent other actors in society, like
organizations and media outlets. The edges connecting the nodes might be face to
face interactions, interactions mediated by technology (like phone or email), affec-
tive or affiliation relations, to name a few examples. Ultimately, the socio-linguist
has to conceptualize and interpret what the network measures —like centrality and
cohesion— reveal.
2.4 The Internet as a Sociolinguistic Ecology
There is an ongoing debate about the dominance of English on the Internet
and its impact on language diversity [20, 39, 33]. The United States’ leading role
in developing the Internet had consequences like the initial use of English only,
protocols devised for the Roman alphabet, and a telecommunications infrastructure
that was economically dominated by U.S. companies [33].
However, the Internet is evolving very fast. As other nations started to come
into play, and users of different countries gained access to the Internet, a wealth
of languages blossomed online [89]. At the same time that online content was in-
creasing exponentially, the percentage of English content diminished to 45% in 2005,
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in favor of other languages, while the estimated online content in Chinese grew to
9% in 2008, followed by German and Spanish [89]. The UNESCO’s “recommen-
dation concerning the promotion and use of multilingualism and universal access
to cyberspace” [103] and new standards like Unicode, enabling the use of different
written systems, intensified the trend towards a multilingual Internet.
Despite this progress, non-English speaking users perceive the scarcity of online
resources in their first language and are generally appreciative when they can find
information in their language [8]. If users have sufficient knowledge of English as a
second language, they might search in English because they perceive there is more
content in this language and of better quality [8].
Organizations interested in transnational business have realized the impor-
tance of adapting to local cultures to be competitive in a global economy [30]. They
are translating and localizing (adapting to the culture) their products and services
on the Internet. Dor [30] warns against leaving the standardization of vernacular
languages in the hands of software, media, and advertising industries, in detriment
of the users key role on language change, identity, and maintenance.
Even though this preoccupation is well founded, when Dor wrote his article
the participatory Web was still in its infancy. Recently, the wide array of content-
sharing and social media platforms, blogs, wikies, and social networking sites that
conform the so-called “Web 2.0” has lowered the barriers for users to become produc-
ers of content too [6]. The social networking site Facebook broke with the top-down
approach of language standardization in interface localization and implemented one
where users seek consensus about the translation of terms in the interface [73]. How-
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ever, the model of inviting users to translate the interface of a site is not transferable
to every company.
The Wold Wide Web relied on the information retrieval paradigm, were users
search and read content generated by institutions, organizations, broadcasting me-
dia, etc., while interpersonal communication happened via email, Internet Relay
Chat (IRC), and newsgroups [6]. With the advent of Web 2.0 environments, which
encouraged participation and sharing, there was a paradigm shift. Users have be-
come consumers and producers of content at the same time, blurring the boundaries
between professional and user-generated discourse, individual and collective author-
ship, and various communication modes co-existing in a single platform: personal
messages, instant messaging or chat, public posts, etc [6].
Thanks to the changes brought by the participatory Web, there is a growing
body of literature documenting the increased visibility of vernaculars [6], the cre-
ation of relevant content in minority languages [102], and foreign language practice
and participation in transnational interest communities and diaspora communities
[100]. Other studies in the field of computer-mediated communication focus on the
reproduction in written form of patterns associated with spoken language, the use
of slang or dialect features, playful uses of orthography and typography [23], and
describe the informal adaptations to the Roman alphabet of languages with other
writing systems, like Arabic [108]. These characteristics of the written language in
social media pose a challenge for the automatic analysis of text, which I will discuss
in detail in chapter 4.
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2.4.1 The mediation of technology and the cosmopolitan space
Instead of just thinking of a global language and its impact on local ones,
Androutsopoulos [6] proposes to direct our attention to the circulation of cultural
artifacts across national and ethnolinguistic borders and how social media platforms
enable the negotiation of local responses, and the appropriation of those artifacts in
new socio-cultural environments.
In these participatory environments, a network of users interacting with other
users and with digital resources emerges. Digital resources like videos, still images,
speech, music, and text can be labelled (tagged) by users, who are collectively
building taxonomies [88], or even creating multilingual knowledge repositories like
Wikipedia [49]. Very importantly, users are now finding information through social
recommendations or cues (like tags) left by other people [88]. As a result of this
overlapping networks of content and users, information and resources circulate in
different ways across countries [6].
In the sociolinguistic ecology of the Internet, interactions between users are
constraint by the mediation of technology [6]. The design of keyboards, displays,
interfaces, standards that support writing systems, and features of communication
platforms have an impact on the users’ language choices and translation behaviors.
As explained in section 2.3, language choice can affect the directionality of infor-
mation flows between language groups. In social media, social interactions are not
as clearly delimited from interactions with content, since user comments on a dig-












(a) Interactions mediated by technology.
Bob%
Jen%
(b) Bilingual social network.
Figure 2.4: (a) Focuses on a few users, Jen, Bob and Kate, who are interacting between them
and with Web content through the mediation of technology. Two networks overlap: the network of
digital objects that are interlinked and the social network of users. And (b) illustrates the social
network to which Jen and Bob belong. Pink nodes represent people who use English, blue nodes
represent people who use Chinese, and the edges represent the“follower of” relationship in Twitter.
the user that posted it. Figure 2.4 illustrates technology and network structure
conditioning users’ communication strategies.
Zuckerman [119] used the metaphor of cities to provide a vision of an internet
that aspires to be a cosmopolitan space, enabling the contact with the unfamiliar,
the serendipity that propitiates learning. In cities, urban planning can create the
structure for social contact, vibrant communities, and discovery [119]. An urban
planning for a vibrant language ecology on the Internet has to challenge the ex-
isting structure of the network of hyperlinks and social connections, and consider
the capabilities for sharing multimedia, the length of text permitted, the language
technologies available, the functionality for managing audiences, the flexibility for
users to reinvent purposes and adapt content.
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Inspired by this vision, I focus on the problem of the social network structure in
multilingual egocentric networks and on the factors influencing the flexible language
choices of multilingual users.
2.4.2 Overview and remarks
In summary, the sociolinguistic ecology of the Internet is determined by pow-
erful social actors like national and supranational institutions, broadcasting media,
companies with interests in transnational business, and also by the contributions
and interactions of users in social networks, content-sharing platforms, blogs, wikis,
etc. At the microscopic scale, the interactions of users are mediated by technol-
ogy, constrained by it and the network structure. At the macroscopic scale, the
Internet is facilitating transnational communication, the flow of information and
digital artifacts across language and national borders, and language learning. The
growing language diversity of the Internet seems to be enabling access to informa-
tion in minority languages and encouraging participation across a wider spectrum
of society.
However, the flows, access and participation are hindered due to socioeconomic
reasons, reduced bandwidth and lack of infrastructure in rural areas and disadvan-
taged parts of the world [34, 91], or even by governments that purposefully seek to
maintain their nation constraint into an isolated information and communication
sphere [107].
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2.5 Micro-Sociology Focus: Conceptualizing Multilingual Users and
Language Choice in Twitter
Adapting the Ecology of Language approach to the social network context,
this dissertation focuses on the social network of the multilingual user, conceptual-
ized as a micro-scale language ecology influencing the user’s language choices. As an
application of this conceptualization, I propose the novel idea of modeling the influ-
ence of social network factors in the language choices of the user. In the rest of this
section, I describe key concepts underlying this research related to multilingualism,
language choice and mediation in the context of Twitter.
Mediators. In section 2.1, I explained the importance that De Swaan gave
to multilingual speakers, who are linking language groups and providing cohesion
to the system of languages [25]. In section 2.3, I introduced the work of Metoyer-
Duran focusing on gatekeepers of ethnolinguistic communities, where she described
them as being multilingual and multi-literate [82]. In the context of the Inter-
net, Androutsopoulos [6] highlighted an additional condition to become a mediator
between global resources and local audiences: adequate technology access and com-
petence. Bringing these characteristics together, we can draw a very basic profile
of mediators between language groups in Twitter: multilingual, multi-literate, and
technologically literate.
There are many degrees of language competence and literacy, some users might
understand a second language but are unable to speak it or write it; others abstain
from using one of the languages they know in certain contexts, like documented cases
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of Internet users who preferred to search in English instead of their first language [8].
A discussion on the various degrees of bilingualism, and what Hornberger called “the
continua of biliteracy” [56], falls outside the scope of this work. For a comprehensive
discussion and classification of the types of bilinguals, consult The Bilingualism
Reader [111]. In this dissertation, I focus on the multilingual users that write in at
least two languages on Twitter.
Language choice. A recurrent theme in the Sociolinguistics literature regard-
ing multilingualism is language choice, or how multilingual speakers make decisions
about which language to use in each situation and interaction. These small scale
decisions have an impact on the global dynamics when aggregated. Simplifying
the outcomes of numerous research studies, Androutsopoulos [5] identified setting,
participants, and topic as the main factors influencing language choice in bilingual
online communities. Other works that I will review in this section and in chapter
3 highlight the influence of the audience, the social context, prestige of a language,
identity, etc. Figure 2.5 represents the main factors theoretically influencing the
language choices of multilingual Twitter users. One of the contributions of this
dissertation is to study, for the first time, social network factors in language choice.
Code-switching. A term that frequently appears associated to language
choice and bilingualism is code-switching. In this work, I use the definition of
Joshi [62], which considers two types of code-switching: intra-sentential, when the
user alternates from one language to another within the same sentence, and inter-
sentential, when the change of language happens at the same time that the sentence






Social context  





Figure 2.5: Aside from topic and identity, important factors influencing the language choices
of a multilingual Twitter user are: the addressee in the interaction, the imagined audience, the
social context, and the social network. Also, the setting and the Internet influence language choice
due to the language ecologies associated. There is an overarching global language ecosystem.
the matrix language, which usually provides the grammatical structure and more
lexical items, and the embedded language [62].
In Twitter, posts are so short that we could consider inter-sentential code-
switching when the language changes from one post to the next, while bilingual posts
would be cases of intra-sentential code-switching. In chapter 6, the factor analysis
represents language choices of the users as counts of inter-sentential code-switching.
In chapter 7, the theme analysis includes cases of intra-sentential code-switching,
where there are embedded English keywords in other languages.
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The setting. Although not directly addressed in this dissertation, it is impor-
tant to acknowledge the setting as an underlying factor for language choice. In this
work, the setting is the Twitter platform and is characterized by its design features,
like the limitation of text to 140 characters in every interaction, the default mode
of communication being public, the languages available to interact with the inter-
face, the display of messages posted by other users, the possibility to share links,
the asynchronous nature of communication, the features for users to manage their
social network, etc. Also, conventions and social uses of Twitter have emerged over
time among its users [66].
The Twitter setting has a specific language ecology derived from sociopolitical
factors. Twitter is a company based in the United States, which has an impact on
its adoption across the world, or lack thereof in certain countries like China [83].
Since the micro-blogging service launched in 2006, it was rapidly adopted in many
countries; as early as 2007, Java et al. [60] reported about its international adoption
in North America, Europe, and Asia (mainly in Japan), but they estimated that
45% of the social network lied within North America.
Not surprisingly, English became a dominant language, with various estimates
ranging from 51% of posts [55] to 53% [90]. A recent large-scale study selected the
20 most active countries in Twitter and showed the percentage of English use in each
country against the percentage of their corresponding vernaculars [83], illustrating
the weight that English has in communications via Twitter. Also, Poblete et al.
[90] selected the 10 most active countries in Twitter and unveiled that the U.S. was
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the country that concentrated more connections from overseas. For these reasons, I
selected multilingual users who have English as one of their language options.
The participants or interlocutors. The participants or interlocutors in
an interaction can vary from a one-to-one exchange in an online chat to a one-to-
many question posed in a forum for an entire community. In the micro-blogging
site Twitter posts are generally public, but there are also posts addressed to specific
individuals, and the possibility to send private messages.
The audience. In Twitter, there are different levels of reach a user could have.
First, the posts addressed to one or few individuals could be seen by common friends,
and potentially found in search results of the platform by others; second, public
posts can be seen by the network of people that “follows” the user, and potentially,
these posts can reach anyone in Twitter. Re-using a theoretical framework from the
field of communication, Johnson classifies Twitter audiences as addressees, auditors,
over-hearers and eavesdroppers [61]. Marwick and boyd [81] described the concept
of the “imagined audience” in Twitter, or how the user conceptualizes his or her
audience to be able to make linguistic choices, even though the real audience that
reads the post might be different.
In chapter 7, I test the hypothesis that addressing a message to one interlocutor
or a public audience influences the choice of language of the multilingual user.
The egocentric network. Wether Twitter users address posts to the mem-
bers of their social network explicitly or not, in this dissertation I argue that the
egocentric network has an impact on the choice of language. Not only it could have
an influence as a perceived audience, but also as a source of information.
39
Topics or interests. Java et al. [60] identified Twitter communities based on
the social network structure and, analyzing the words in the posts, they observed the
common topics or interests that differentiated the communities. In the context of
the Internet, where the perception of distance and territory blurs, the experience of
identity becomes multi-layered. In addition to ethnic identities, there are dimensions
of shared “feelings”, “knowledge”, or “activities” across distance [18]. Because of
this multi-layered identities, the user can belong to different communities and choose
the language accordingly. This dissertation includes preliminary work related to
topics in the theme analysis (chapter 7), but a complete analysis of topics as a
factor for language choice is left for future research.
Other factors. There are other important factors surrounding the multi-
faceted reality of language choice online. Kelly-Holmes [65] argues that the prestige
and international importance of a language encourages its use online. Also, lan-
guage choice could relate to the availability of online resources in a language, or
lack thereof [65]. The social context of the interaction is another factor, for ex-
ample, English being used for professional emails and a vernacular language for
personal communications [108]. As mentioned above, identity, as a marker of social
and cultural differences, play an important role in language choice [108, 5]. However,





This chapter comprises a review of the literature informing the present research
work in one or more of the following themes: language choice and code-switching on
the Internet, a network approach to language on the Internet, and multilingualism
on Twitter.
This dissertation contributes a classification of network types based on the
patterns of connections between language groups, which goes beyond survey works
about multilingualism on Twitter. I used a network approach after being inspired
by works analyzing language networks on the blogosphere. The literature about
language choice on the Internet serves to frame my novel proposal of modeling the
influence of network factors in the language choices of the user. Also, the literature
about language choice is relevant to chapter 7, where I test the hypothesis that
English is used more in public messages than in replies to individuals. In the theme
analysis, I include cases of code-switching.
3.1 Language Choice and Code-Switching Online
A survey gathering answers by 2267 students in high schools and universities of
eight countries (France, Italy, Indonesia, Macedonia, Oman, Poland, Ukraine, and
Tanzania) revealed the complex reality of language choices of Internet users [65].
41
Most of the participants reported some knowledge of English in addition to their
native language, or language of education, and often, they also reported competence
in a third language. The study found that bilingual or trilingual Internet sessions
were somewhat frequent, that language choice could relate to the availability of
online resources in a language, or lack thereof, and to the prestige and international
communication potential of a native language [65]. Other research studies support
the observation that the perceived scarcity of online resources in a native language
influences behavior and attitudes of its users when searching online [8, 67].
Also, domain knowledge influences language choice in online searching because
higher expertise on a topic facilitates understanding of relevant texts in a second
language [67]. Combining the factors topic and context, there are reported cases
where looking for international news and doing academic work encourages the use of
English, while personal communication is conducted more often in native languages
[65].
Along the same lines, a study on email and Internet chat in Egypt documented
the use of English for professional emails, while in personal emails and chat users
preferred a romanized form of Egyptian Arabic, which was mostly used orally before
the advent of the Internet [108]. This informal transliterations include the numbers
2, 3 and 7 for rendering additional phonemes from Arabic into the Roman alpha-
bet [108]. On the other hand, the use of Classical Arabic and Arabic script was
somewhat relegated [108]. Informal transliterations pose a challenge when doing
automatic text analysis, as I will explain in detail in chapter 4.
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The same study observed cases of code-switching between English and ro-
manized Egyptian Arabic; the later was used for greetings, humor, sarcasm, food,
holidays and religion [108]. A case study on code-switching between English and
Spanish, and English and Indonesian in Internet chat provided evidence of borrowed
English terms related to computers, such as “e-mail”, “attachment”, and “PC” [12].
When chatting about friendship and relationships, the subjects preferred their first
language instead of English [12]. Another study on the language choices of Greek,
Turkish and Persian diaspora online communities in Germany found that topics
on politics and technology disfavored the use of home and minority languages in
newsgroups and web forums, while music and poetry favored it [5].
These works studying topics and contexts (i.e. professional versus personal)
as factors for language choice provide some basis for the theme analysis in chapter 7
and for future research about the influence of interest communities in the language
choices of Twitter users. The remaining works that I review in this section study
the selection of English in multilingual settings online.
A longitudinal study of a Swiss forum with participants of three different
native languages detected the increase in the use of English over time, even though
English was not the first language of any of the users [31]. This finding suggests
that the presence of a multilingual or international audience might encourage the
use of English as a lingua franca. In view of this previous finding, I propose a
multilingual index of the social network as a potential predictor of English use by
the multilingual user (chapter 6). Other research works on email and mailing lists
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[31, 65] studied the impact on language choice of addressing a message to one person
or to a multilingual audience; in the later case English was preferred.
Recent works on the use of social networking sites by bilinguals argue that
the intended audience determines the language choice. In Facebook, Welsh-English
bilingual high school students write the status updates more often in English to
ensure that all their friends feel included, whereas they use Welsh for one-to-one
messages with other Welsh-speaking friends [21].
In Twitter, Welsh-English bilinguals use proportionally more English in public
posts (53%) than in replies to individuals (44%) in a sample of 500 posts [61]. The
reason for using Welsh or English in replies is related to the language profile of
the addressee to some extent; sometimes English is used to communicate between
Welsh-English bilinguals [61]. In relation to this finding, Johnson [61] speculates
that the use of English is encouraged in Twitter for its potential to reach a wider
audience. Finally, the later study on Twitter reported very few cases of bilingual
posts [61]. In chapter 7, I test that English is used more in public messages and I
observe that bilingual posts are scarce.
As a closing note to this section, I would like to acknowledge an existing
body of literature about “context collapse” in social media, and particularly in
Twitter [81] and Facebook [106]. Professional and personal contexts merge in the
same communication environment, where users seek to balance the different identity
presentations [81] and, as a result, possibly their linguistic choices.
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3.2 Networked Languages
The literature on multilingual computer-mediated communication is very help-
ful for raising awareness about the multifaceted reality of language choice and how
the context and the mediating technology influences it, but generally does not ad-
dress the potential transnational impact. Language Networks on LiveJournal [53]
was possibly one of the first studies in taking a network analysis approach to study
the language demographics of a social media site, a blog hosting service in partic-
ular. Apart from studying the robustness of non-English language networks, they
identified blogs that were bridging language communities and described some char-
acteristics of their authors (students of foreign languages, expatriates, multilingual
and multicultural) and topics (images, content with international appeal).
Two years later, the Berkman Center identified English and French “language
bridges” on the Arabic blogosphere, consisting of bloggers that wrote in English
or French and their native (Arabic) language, and connected the different national
blogospheres with the international one [32]. However, they did not explore fur-
ther into the connections with the international blogosphere or their motivations
for language choice. These questions are important to understand how people draw
international attention using their transnational networks and how information dis-
seminates across language borders.
Hale [47] tackled the aspect of cross-language linking among blogs in English,
Spanish, and Japanese. Focusing on the topic of the earthquake in Haiti in 2010,
he was able to quantify the increase in foreign content awareness over time and
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detect patterns of cross-lingual linking among blogs [47]. Most notably, blogs in
English linked much less to foreign content than the blogs in Spanish and Japanese,
the largest single destination of cross-lingual links being a collection of photos [47].
Interestingly, Global Voices, an international blogging community that promotes
translation of content, created 15% of all cross-lingual linking in the dataset [47].
This finding illustrates that designing for multilingualism and cross-cultural aware-
ness has a impact on the network structure.
This network approach to languages has been applied to the blogosphere, but
not yet to the microblogging service Twitter. A study on the influence of distance
in the formation of Twitter ties [99] tangentially included language. The most
interesting finding related to this research is the observation of cross-language ties
in a sample of 1768 pairs of nodes: English-Other (7.4%), Other-English (3.1%),
Other-Other (1.1%) [99]. However, the authors identified the users’ language using
only one post, and made some questionable assumptions in their interpretations,
like users being monolingual and equating country with language use, which lead
them to be skeptical of their own observation of 8% geolocated subjects in Brazil
using English [99]. Actually, this percentage of English use on Twitter in Brazil is
very close to the estimate provided by a more solid and large-scale survey [83].
Like in [99], there are examples of rough research assumptions about lan-
guages, geography, and text analysis on Twitter that manifest the need for a deeper
understanding of these interrelated areas of study.
Shifting the focus from languages to countries, it is possible to find research
that looks at transnational ties in Twitter. Poblete et al. [90] illustrated with a
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detailed network graph the strength of ties between the ten most active countries in
Twitter. These ties are the aggregated results of users’ “following” relationships in
Twitter. Apart from the expected stronger connections among countries that share
the same language (U.S., U.K., Canada, and Australia), the graph also unveils that
the U.S. attracts the most international attention, while it pays little attention out-
side its borders [90]. Also, South Korea and Brazil have little connections overseas
[90].
Ideally, an holistic view of the language ecology in Twitter will require an
analysis of the languages in the overlapping networks of users’ attention ties (follower
relationship), interaction ties (replies and retweets), topics and linked resources. As
a starting point, this dissertation focuses on attention networks at small scale.
3.3 Multilingual Twitter
In section 3.2, I noted that there are currently no research works that take a
network approach to languages on Twitter, which would be useful to understand
cross-language ties and communication connections between language communities.
On the positive side, there are a number of works that study language on Twitter
for different purposes and, as the body of research literature on Twitter is growing
fast, it might be a matter of time that works on networked language communities
become published.
A large-scale study on the languages used in Twitter (more than 62 million
posts over a period of four weeks) reveals that almost 49% of the posts are written
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in a language different from English and provides a ranking of the top 10 languages
[55]. This study records the number of URLs and hashtags (keywords preceded by
the @ sign) shared by people from different language communities [55]. Their closing
reflection encourages the study of bilingual brokers and how information flows across
language communities [55]. An even larger-scale survey of Twitter (380 million posts
over 564 days), conducted later, also presents a ranking of top languages among the
78 detected [83].
When comparing the language rankings of the first study and the later sur-
vey, we can observe that European languages are loosing positions against Asiatic
languages, except for the increase of Spanish and the unchallenged dominance of
English [83]. Twitter is a fast-changing environment, where the language ecolo-
gies and their impact on communication behavior are constantly in the process of
negotiating their contexts and finding their balances.
The same survey, The Twitter of Babel [83], compares the percentage of En-
glish use on Twitter in 20 countries versus the vernacular language use with an illu-
minating graph (figure 3.1). This graph should dismiss the assumptions that equate
country and language use. Another piece of evidence against such an assumption
is the survey’s focus on Belgium. Mocanu et al. [83] compare Belgium census data
with Twitter data, and observe that the Flemish-speaking population (or Belgian
Dutch speakers) is over-represented in Twitter by comparison to the Walloon French
speaking population. The researchers connect it with the finding that Twitter has
higher penetration in the Netherlands than in France [83], which might attract more
users of Dutch language variants regardless of geographical borders [83].
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Figure 3.1: Language share of the top 20 most active countries on Twitter, ordered by number
of English posts. This graph is an extract from the journal article [83]: Mocanu D, Baronchelli A,
Perra N, Gonalves B, Zhang Q, et al. (2013) The Twitter of Babel: Mapping World Languages
through Microblogging Platforms. PLoS ONE 8(4): e61981
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The Twitter of Babel [83] constitutes a very valuable large-scale survey with
examples at different scales, from country level, to city level and neighborhood.
However, it does not mention or count cross-lingual connections and bilingual users,
even when being implicit in the multilingual situations they describe. Here is where
a network approach could provide more insights about transnational influence.
Drawing attention to methodological challenges, Graham et al. [40] compare
common geolocalization and language identification methods used for Twitter data
analysis. One of the issues the authors encountered is the difficulty in classifying text
correctly as Arabic when the Twitter posts were written in Roman alphabet [40],
like the cases reported in section 3.1. In particular, Compact Language Detector
failed to classify romanized Arabic in 89% of cases [40]. Also, Bergsma et al. [9]
detail the challenges in automatic language identification of Twitter posts. The
researchers used people to annotate the language of the posts and build a test
collection of Twitter texts in languages with non-roman scrip, i.e. Arabic, Farsi,
Hindi, and Urdu [9]. The aim is improving automatic language identification in
these languages [9].
Looking at the different use of Twitter depending on the language, at least
two studies document the different frequency of features in Twitter posts, such as
URLs, hashtags, repostings, and user mentions [110, 55]. The findings of these works
suggest that Twitter is used more for conversational purposes in some languages, like
Indonesian, while in other languages is more common to use it for sharing resources,
like German [110, 55]. This dissertation proposes to study in future work particular
languages as factors influencing the communication behavior of multilingual users.
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In conclusion, the studies about languages in Twitter are descriptive, or of
survey type, and only implicitly one can guess there are multilingual users playing
a role in the language landscape they describe. Even when comparing the different
uses of Twitter depending on the language, these studies do not investigate further





Inspired by an expanded paradigm of Web Content Analysis proposed by Her-
ring [52], who also pioneered a network approach to the study of languages on social
media [53], this research includes social network analysis, natural language pro-
cessing for automatic language identification, theme and exchange analyses. This
expanded paradigm proposes broadening the construct of content analysis for ac-
commodating new techniques of analysis appropriate for the evolving landscape of
the Internet, and enumerates link and exchange analyses, topic analysis, feature
analysis, image analysis, language analysis, etc.
In this dissertation, I apply social network analysis to answer the first research
question about the egocentric networks of multilingual users; I use two regression
models in the factor analysis to answer the second research question on social net-
work factors that affect language choice; finally, I test the hypothesis that the ad-
dressivity feature (@ sign) influences language choice, and explore with a theme
analysis how other textual features might be facilitating cross-cultural awareness.
This chapter starts with a brief introduction of the research design, followed
by an account of the collection and processing of data that underlies the four stud-
ies of the dissertation. The details of the analysis are described in the chapters
corresponding to each study.
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4.1 Research Design
The research design is composed of four sequential studies of the same datasets,
focusing on complementary facets of mediation between language communities and
language choice. Table 4.1 shows a schematic view of the four studies and the
corresponding chapters.
First, I identified Twitter users authoring posts in English and another lan-
guage. I collected their last 50 posts and their egocentric network with degree 1.5.
The egocentric network with degree 1.5 includes the people connecting with the mul-
tilingual subject or ego and the connections among the people directly connected
with the ego (see section 2.3 for social network concepts). Also, I analyzed auto-
matically the last 30 posts of all the users within the egocentric networks to identify
the language they are using in Twitter.
In summary, the data comprises a list of 92 egos, with 50 posts each, and a list
of contacts associated with every ego, with a language label, and their linkages in
the form of an adjacency list. Figure 4.1 illustrates the components of the datasets.
In chapter 5, the social network analysis combines a qualitative approach and
network statistics to generate a taxonomy of network types based on the patterns
of intersections and connections between language groups. The study follows an
exploratory design, with a first qualitative phase that takes a grounded theory ap-
proach, and a second quantitative phase that consolidates the qualitative findings.
The unit of the analysis is the egocentric network of multilingual users. I visualized
the 92 networks with the Gephi social network analysis tool and identified the groups
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Table 4.1: Research design divided in four studies of the same datasets, looking at the research
problem of multilingual Twitter users as mediators and their language choices with different foci. In
chapter 5, I use social network analysis for classifying egocentric networks of multilingual Twitter
users. Chapter 6 consists of a factor analysis, using regression models to detect if the social
network influences language choices of multilingual users. Chapter 7 focuses on textual content;
firstly, I test the hypothesis that addressivity influences language choice and, secondly, I look for




Post 1, en 
Post 2, en 
Post 3, es 
… 
Post 50, en 
…. 
Ego 92 
Contact 1, contact 2 
Contact 1, contact 3 
Contact 2, contact 3 
Contact 3, contact 4 
… 
Contact 1, en 
Contact 2, es 
Contact 3, en 
Contact 4, en 
…. 
Text, language Adjacency list Network languages List of egos 
Figure 4.1: The data comprises a list of 92 egos, with 50 posts each and language labels, a list of
their contacts with a language label, and the social network links in the form of an adjacency list.
of people that write in different languages. Focusing on the structural relationships
of these language groups, I complemented the qualitative study of visualizations
with network statistics specifically created to provide a robust definition of network
types. Finally, I used machine learning for testing the results.
In chapter 6, the factor analysis models the influence of a set of factors related
to the social network in the language choices of multilingual users. The dependent
variables considered are the proportion of English use and non-English use within
the 50 posts of the ego (language choice of the ego). The factors included are the
proportion of English and non-English language use in the social network of the ego,
and the degree of multilingualism of the social network. The relative importance
of factors, or their weight, is represented by the coefficients obtained by fitting two
different generalized linear models to the dataset (linear and logistic regression).
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In chapter 7, exploring textual features, I shift attention from the social network
to the content of the posts written by the egos. First, I look at the textual feature
of the @ sign at the beginning of a post as an indicator of addressivity. Based on
this indicator, I test the hypothesis that the type of exchange (public post versus
reply to an individual) influences the choice between English and other languages.
In a second study included in chapter 7, I look at content with the objective
of detecting themes that might help in creating cross-cultural awareness, where the
multilingual users could be acting as mediators from the point of view of their mes-
sages. I identify themes related to non-English speaking countries or communities
in English posts and, also, I identify English hashtags (keywords preceded by the
# sign) inserted in non-English posts. Using a generic theme analysis, this study
serves as an explorative qualitative phase to inform the design of future studies after
this dissertation work.
4.2 Sampling and Data Collection
I identified potential multilingual Twitter users with the help of Prof. Jennifer
Golbeck and Tony Rogers. We started by issuing queries to the Google search engine,
restricted to the Twitter domain, that combined one English word (“between” or
“tomorrow”) and one of the words in the list of figure 4.2. For instance, a query
was “tomorrow” and “también” (which means “also” in Spanish). The words were
selected from lists of “stop words” for every language. Stop words are very common
words in a language. There are many lists of stop words created for natural language
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Language Words 
Arabic  !"#$ , %#"&
Chinese  
French alors, très 
German zusammen, gern 
Greek περίπου 
Hebrew  טוב
Italian molto, peggio 
Japanese ,  
Korean  
Polish właśnie, chyba, albo 
Portuguese muito 
Russian к , о 
Spanish desde, también 
Figure 4.2: Common words in different languages used for querying in combination with English
words.
processing, usually to filter them for various purposes. In this case, I used these
common words to represent each language. The main selection criteria was that the
word should not be identical or similar to any other word in a different language, in
order to avoid ambiguity about the language the word represents.
In sections 2.5 and 3.3, I reviewed studies that document the dominant use of
English in Twitter and how this relates to the weight that the United States has in
the social network [60, 90] and to its use in many non-English speaking countries
that are active on Twitter [83]. When trying bilingual combinations in our initial
search, it was very difficult to find bilinguals that did not use English as one of
the active languages; this realization is supported by the findings of a study [99]
commented in section 3.3. For this reason, we decided to limit the sampling to
multilingual users who wrote in English and, at least, one other language.
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The search results directed to the users’ profile pages on Twitter. The ordered
ranking of users’ profiles given by Google could be placing more popular users first,
biasing our initial selection, but we ignore the actual criteria used by the search
engine. We visited these profile pages, read the last posts, and checked that the
subjects were actually using two languages. We established clear written instructions
for selecting them. In particular, we did not select users whose:
• posts in one language were automatically generated (i.e. users posting in
Spanish with only Foursquare checkins in English) or were spam,
• posts in one language were only named entities, like song titles, names of
books, etc.
• posts in one language were only reposted content (or “retweets”).
Note that reposting on Twitter does not prove any active knowledge in a
language, as it only requires to click on a button or copy text. Moreover, if users just
repost the same text, the message stays concealed in the same language community.
Also, the instructions for selecting a user required that he or she had written
at least one post entirely in a second language, had more than 30 posts (excluding
“retweets”), and had between 4 and 5,000 followers. I discarded potential subjects
that had more than 5000 followers due to the computational workload required for
processing large social networks and the policy limitations of the Twitter API for
extracting data.
We identified 175 potential multilingual users. After this first selection of
users, I retrieved the last 50 posts of each one of them by means of the Twitter
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API. The API only allows one to extract data from public user accounts in Twitter.
For this reason, accounts made private by the users are not included in the sample
of multilingual subjects, and when extracting their contacts automatically, private
accounts render no data.
As in the previous selection phase, I did not include the repostings, with the
exception of those that had a comment added by the user; in such cases, it might be
possible to find bilingual text and translation. Specifically, the 50 posts of every user
did not include the repostings that were shared clicking on a “retweet” button, or
those posts that started with the characters “RT” or “rt” (abbreviations of retweet),
but could include the posts that had some text written before RT or rt.
Based on the data, I selected only those users who had written at least 4 non-
automatically generated posts in a second language, to ensure that the language
was well represented. During the data collection process, I had to discard some
users because they made their accounts private or closed them, and one user started
posting spam. The data collection process spanned from October 3 to November 7,
2011.
Finally, my sample contains 92 multilingual users that write in 19 languages
(Arabic, Basque, Catalan, Chinese, Dutch, English, French, Galician, German,
Greek, Hebrew, Italian, Japanese, Korean, Mongolian, Polish, Portuguese, Russian,
Turkish), usually two or three languages per person.
Figure 4.3 shows the purpose of different components of the dataset. I kept
the last 50 posts of the final multilingual users for studying their language choices
and conducting the theme analysis. Also, with the help of Prof. Jennifer Golbeck,
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92 egos posts of egos 
!
followers & followings 
(adjacency list of contacts) 
Location 
Last 30 posts of contacts 
Automatic Language Identification 
Social Network Analysis 
for language 
choice and theme 
analysis 
Contextual info. 
egocentric network degree 1.5 
Egos%dataset%
Contacts%dataset%
Figure 4.3: Data collection and purpose of different datasets extracted from Twitter.
I extracted the location of the multilingual users from their profiles as contextual
information. For every multilingual user (ego) we extracted the egocentric networks
with degree 1.5 in the form of adjacency lists of followers and followings (contacts)
for the social network analysis, as explained in section 4.1. In total, there are
25,556 contacts within the 92 egocentric networks. Finally, I retrieved the last 100
posts from the contacts’ accounts to identify the languages they use in Twitter,
with the exception of private accounts and accounts with no posts (5,950 cases).
As previously explained, only 30 posts per user were analyzed and the repostings
included have text before the characters “RT” and “rt”.
60
4.3 Methods for Assigning Language Labels to Users
In this section, I introduce the options I considered to assign language labels
to every user in the egocentric networks with the purpose of completing the contacts
dataset illustrated in figure 4.3. First, I had to automatically detect the language(s)
used in a number of their posts and, secondly, I had to determine their language
profile based on those multiple posts.
The egos dataset also required the automatic identification of the languages
of posts, but the egos were not assigned a language label. In the factor analysis,
the language profile of the multilingual egos is conceptualized differently, as pairs
or frequencies for the two main languages of the user.
I considered two main options in order to assign a language label to a user in
Twitter: (1) extracting the language code that the user has selected on the Twitter
interface, and (2) automatically identifying the language of a certain number of
posts that the user has written. In the case of extracting the language code of the
interface, the immediate problem is that this code is not accurate for bilingual users.
Also, as I will explain in section 4.4, a test suggested that the interface language has
a very high error rate in representing the actual languages of the user. One reason
could be that many users do not change the interface language given by default
(i.e. English) because they can understand it, but prefer to write in their native
language.
As a result of these considerations, I chose the option of automatically iden-
tifying the language of users’ posts. As reviewed in section 3.2, related research
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[99] only used one post per person to assign a language to a user. This is insuffi-
cient to determine bilingual and multilingual use, and also problematic in a noisy
environment such as Twitter, with frequent cases of automatic posting and spam.
A question that I will address in the next section is how many Twitter posts
are enough to determine the language(s) of the user. Having more than one post
and language label for a user requires a process to determine which language label
fits best for that user.
4.3.1 Tools for automatic language identification
The first step was to identify the language of the users’ posts. I consid-
ered three tools: Google Language Identification tool (Google’s proprietary option),
Chorme browser Compact Language Detector (partly open source code by Google),
and Python Language Detector (an open source module for programming language
Python). Google’s language detection algorithm uses quadgrams —or four character
tokens— [118, 97] and Python uses trigrams [43].
Briefly, the process of using the language identification tool works as follows:
I send an input file that contains the posts of a user after eliminating mentions,
hashtags, URLs and symbols, and the language identification tool returns an output
file with the language labels and confidence levels for every post.
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4.3.2 Algorithm for assigning a language label to a person
In a second step, I elaborated the rules for assigning a language or languages
to a person. For a given user, with a list containing pairs of language and confidence
level, the heuristics of the algorithm are:
• Discard all pairs with confidence level below 0.1. The purpose of this rule is
to eliminate noise or inaccuracies in the language assignation method. If no
pair remains, the language label assigned to the user is “unknown”.
• For each remaining language, compute the frequency (number of posts in that
language) and select the highest confidence value of all posts in that language,
thereafter called “maximum confidence”.
• Discard all languages with a frequency below 10% of the total number of posts
for that user. The purpose of this rule is to eliminate languages that are not
well represented in the profile of the user, due to automatic posting, etc. If
no language passes the frequency threshold, the label assigned to the user is
“unknown”.
• Determine if the user is monolingual or multilingual. If more than one language
has maximum confidence equal or greater than 0.7, the language label assigned
to the user is a multilingual label. Otherwise is monolingual. Note that the
“maximum confidence” is the highest confidence level of all posts in a language
for one user. Therefore, the requirements for considering a user multilingual
are: (1) at least two languages with 10% minimum frequency (2) and maximum
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confidence equal to or greater than 0.7. This multilingual label is composed
by the code of the most frequent language and the code of the second most
frequent language.
• In the monolingual case, if only one language has maximum confidence equal
to or greater than 0.7, that is the language assigned to the user.
• In the monolingual case, if no language has maximum confidence equal to or
greater than 0.7, the language assigned to the user is the one with the highest
frequency.
Figures 4.4a and 4.4b illustrate the process of assigning a language label to a
user with examples.
Note that the thresholds are based on the assumption that the confidence level
represents a probability between 0 and 1, but they could be tailored for each tool.
The confidence level of 0.7, used as threshold to determine multilingualism, was
selected after observing issues derived from transliteration.
For instance, Arabic was sometimes written in the Arabic scrip, but also in a
romanized form that the tool identified incorrectly and with low confidence as some
other language. In the cases where Arabic was one of the two languages used, the
romanized form (with an inaccurate language label and low confidence) had enough
frequency to displace the Arabic as one of the actual languages that composed the
multilingual label. Adding the requirement of high confidence (equal to or greater
than 0.7) eliminated the instances with incorrect labeling and favored the Arabic
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(b) Example where the algorithm assigns a monolingual label to a user.
Figure 4.4: Two examples of how users are assigned language labels by the algorithm after the
language of their posts have been automatically identified.
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4.4 Testing Methods for Assigning Language Labels to Users
In this section, I explain the creation of a test dataset and a baseline for com-
paring the results of different language identification tools, and for comparing the
results of the language assignation algorithm versus a human making that assigna-
tion.
Finally, I compare the test results using a number of posts per user between 1
and 100 to answer the question: how many Twitter posts are enough to determine
the language(s) of the user?
4.4.1 The test dataset
For testing the tools, I prepared a sample of users. I randomly sampled 10 egos
from the 92, and 20 contacts for each ego —or all contacts, whichever is greater—
obtaining a total of 190 users from the list 25,556 contacts. From those users, only
177 had data available. The other 13 users had no data either because their account
was private or they did not post anything. Finally, I extracted the last 100 posts
of the 177 users, including repostings that had an added comment by the user. In
total, I extracted 15,973 posts. This is my test dataset.
4.4.2 The baseline
I created a baseline as close as possible to human labeling. Given the time and
resource constrains, I decided to use one of the automatic language identification
tools to assign a language to each post as an initial guess and manually revise the
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results. In this task, I took advantage of my skills in English, Spanish, and French,
as well as my familiarity with some Romanic languages, such as Portuguese, Italian,
Catalan, and Galician. The number of posts that were sent to the language identifier
after eliminating mentions, hashtags, URLs and symbols is 15,856 (from the test
dataset). Then, I revised the language labels of the posts following these criteria:
• A. A post is labelled monolingual if any of the following are true:
1. All words are in one language.
2. Only one word in a second language within a post of five or more words.
3. There is a title or named entity in a second language and fewer than
five words in the most dominat language of the user.
• B. A post is labelled bilingual if any of the following are true:
1. There is one word in a second language when a post has fewer than five
words.
2. There are two words in a second language when the post has between
five and ten words included, unless is case A3.
2. If the post has more than ten words and there are at least three words
in a second language, unless is case A3.
3. A title or named entity is in a second language but there are at least
five or more words in the other.
• C. A post is labelled automatic if any of the following are true:
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1. There are two identical posts.
2. There are at least three posts that are nearly identical except for a
number or a word.
3. There are sentences like: “Posted a picture on Facebook”, “liked a photo
on Facebook”, “favorited a Youtube video”, “I am at something @ name of
place” (foursquare).
• D. A post has a non-identifiable language if any of the following are true:
1. There is a named entity that could correspond to more than one lan-
guage.
2. There are only symbols, emoticons, or random letters.
3. Other reasons.
Named entities —a term coined in the field of Information Extraction— are
information units that consist of rigid designators for a referent, like proper names
of people or organization names, locations or times, among many types [84].
In the cases where Arabic, Hebrew and Mongolian were transliterated, the tool
did not identified the language correctly. In those cases, I considered the language
of the post to be the language of the user other than English (Arabic, Hebrew or
Mongolian). This language was determined in other posts written by the same user
in non transliterated form, where the tool is more accurate.
Finally, the criteria for classifying the language profile of the user for the base-
line was to use a 10% frequency threshold do determine if the user was monolingual
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or multilingual. If fewer than 10% of the posts were in a second language, the user
was considered monolingual and assigned the label of the most frequent language.
If the second language passed the threshold, the user was assigned a multilingual
label composed by the codes of the most frequent language and the second most
frequent language. Automatic posts and non-identifiable language posts did not add
to the frequency count of any language. Bilingual posts added 0.5 frequency points
(instead of 1) for each of the two languages.
To create the baseline, I decided to use Google Language Identification tool
because the Compact Language Detector (CLD) has two additional disadvantages
and Python Language Detector has one additional disadvantage. Unlike Google’s
proprietary option, CLD cannot detect the Mongolian language in the dataset, and
the confidence values do not represent probability. The confidence values range from
0 to over 100, but the maximum value is unknown. The lack of interpretability of
confidence values poses a challenge to use the algorithm that assigns a language
label to a person.
Python Language Detector is able to detect Mongolian and the confidence
values are between 0 and 1, which might indicate probability. In practice, the
confidence values are biased towards the range 0.9–1. The minimum is only 0 when
the post is empty. Instead, 0.17 acts as the minimum confidence value, for instance,
in cases when the post has just a symbol and any guess should return a 0 confidence
value. This biased behavior of the confidence values would affect the performance of
the algorithm. I considered tailoring the thresholds of the algorithm that assigns a
language to a person to account for this, but given the disproportionate amount of
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posts with confidence level 0.9, this value has little discriminatory power. For these
reasons, I expected that the Google Language Identification tool would perform
better.
In summary, I considered my baseline to be the results of Google Language
Identification with a subsequent revision, and I assigned the language labels accord-
ing to a set of criteria described in this subsection 4.4.2.
4.4.3 Testing the language identification tools and the algorithm that
assigns language labels to users
I tested the performance of the language assigning algorithm, comparing the
baseline (Google Language ID, manual revision, criteria-based language assignation)
with the results of the automated language assignation (Google Language ID, man-
ual revision, language assigning algorithm). The manual revision is not performed
in the actual analysis of the contacts dataset, but serves for testing the performance
of the language assigning algorithm, changing only one variable with respect to the
baseline. To obtain the estimated error rate, I divided the number of cases where
the automated results did not coincide with the baseline by 177 total cases. The
resulting estimated error rate is 6.78%, with 1.13% false negatives (missing multi-
linguals), and 5.65% false positives. Therefore, the algorithm tends to overrepresent
multilinguals.
Subsequently, I tested the performance of Google Language Identification tool
in combination with the language assigning algorithm, eliminating the human re-
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vision (Google Language ID, language assigning algorithm). These are the actual
conditions of the analysis performed with the contacts dataset. I computed the es-
timated error rate with respect to the baseline. Figure 4.5 shows how increasing the









































































Figure 4.5: The y axis represents the estimated error rate of using the Google Language ID
method with respect to the baseline and the x axis represents the number of posts per person used
for language assignation. As the number of posts increases, the estimate error rate diminishes like
a negative logarithmic function.
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Using a regression model, I obtained function 4.1 fitting the estimated error
rate as a function of the number of posts per person used for language assignation.
The variable x is the number of posts per user.
f(x) = 0.285 − 0.056 × log(x) (4.1)
Compared to Google Language ID, the Compact Language Detector does not
detect the language in many more instances: Google did not identify the language
in 46 cases, while CLD did not identify the language in 3,071 cases of 15,856 in the
test dataset.
In the case of the Python Language Detector (LangPy), there are 3,590 differ-
ent outcomes compared to the Google Language ID (from a total of 15,856 posts). I
compared the performance of LangPy in combination with the algorithm that assigns
language labels to users (LangPy, language assigning algorithm) with the baseline
(Google Language ID, manual revision, criteria-based language assignation). Figure
4.6 shows the estimated error rate of using LangPy with respect to the baseline,
as the number of posts used for assigning a language to a person increases. It also
displays, side by side, the previous results of the estimated error rate using Google
Language ID (Google Language ID, language assigning algorithm) with respect to
the baseline. In the case of Google Language ID, the estimated error rate is al-
ways lower, partially due to the fact that the baseline uses this tool as a starting
point. Also, the biased confidence values of Python Language Detector constitute a















Figure 4.6: The y axis represents the estimated error rate with respect to the baseline and
the x axis represents the number of posts per person used for language assignation. The tools
compared are Google Language ID and Python Language Detector (langPy). As the number
of posts increases, the estimate error rate diminishes. In the case of Google Language ID, the
estimated error rate is always lower, also due to the fact that the baseline uses this tool as a
starting point.
As explained before, looking at Twitter’s language code to identify a language
has the highest estimated error of all methods considered: 0.418. From 177 users
in the test dataset, 25.99% were multilingual but the interface does not offer them
the option to select more than one language. Another 15.82% of users were using
a language different from the language selected on the interface, which was English
in all of these cases.
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Estimated Error Rate Number of Posts per User Estimated Cost ($)
Below 0.15 15 363.11
Below 0.10 30 704.40
Below 0.05 70 1547.85
Table 4.2: Overview of different budget options: estimated error rate in the automatic language
analysis associated with the number of posts used per person, and the corresponding analysis costs
for the entire contacts dataset. The use of Google Language ID tool costs $20 per one million
characters of text.
4.4.4 Deciding the number of posts per user
Once I decided to use Google Language ID tool, a question remained: “How
many Twitter posts are enough to determine the language(s) of the user?” In
essence, this is a budget question. The cost of using Google Language ID tool is $20
per one million characters of text.
Drawing from the estimated error rate results shown in figure 4.5 and the
estimated error rate function 4.1, I selected three error rate options paired with the
number of posts per person needed. Based on this number, I used the character
count to estimate the cost of analysis for the contacts dataset, which comprises
19606 contacts with up to 100 posts per user. Table 4.2 provides an overview of
estimated cost versus estimated error rate in the automatic language analysis of the
contacts dataset.
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With Prof. Jennifer Golbeck’s advice, we selected an estimated error rate 0.10,
a cost of $704.4 for the automatic language identification of the contacts dataset
using 30 posts per person. Aside from the contacts dataset, there is also a small
dataset of 92 egos with 50 posts per user (figure 4.3).
4.5 Assigning Language Labels to Users
For the social network analysis and the factor analysis, the contacts dataset
required language labels for 25,556 people in the 92 egocentric networks. However,
only 19,606 contacts had available data. The rest was assigned the language label
“unknown”. As explained in section 4.4.4, I decided to extract 30 posts per per-
son to determine the language or languages they are using in Twitter. The text
extracted from the posts was processed through a pipeline for automatic language
identification. The first stage in the pipeline involved the elimination of URLs, hash-
tags (keywords preceded by the # sign), replies and mentions (usernames preceded
by the @ sign), and other symbols. In the second stage, I used the Google API to
identify the language of each processed post and the confidence value.
Subsequently, every user was represented by a file that contained the languages
and confidence values of their posts. This file was processed by the algorithm that
assigns language labels to users; the details of the heuristics can be found in section
4.3.2. The labels could be: “unknown”; a code for one language in the case of
monolingual users (i.e. “en” for English); or two language codes joined by the
symbol “+” in the case of multilingual users (i.e. “en+ar” for English and Arabic).
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In the case of the egos dataset, composed of 50 posts from 92 multilingual
users, the text was similarly processed for automatic language identification. The
purpose of this dataset being different, I automatically processed the data to obtain
a percentage of use of the two most frequent languages for every person, with the
corresponding language codes, and identified those egos that used a third language
in at least 10% of the posts. The results served to describe the characteristics of this
dataset, and to quantify the language choices. The egos dataset is composed of 87
bilingual users and 5 trilingual users, all of them use English as fist or second most
frequent language (which was a condition in the sampling method). Also, they use
one or two of the following 18 languages: Arabic, Basque, Catalan, Chinese, Dutch,
French, Galician, German, Greek, Hebrew, Italian, Japanese, Korean, Mongolian,
Polish, Portuguese, Russian, Turkish.
4.6 Scope
When looking at the links between users in Twitter, there are two types of
networks where the methodology could focus: (1) the network generated by the
exchange of messages between people, like replies and repostings, which represents a
communication network and a transient social network, dynamically evolving around
a topic of interest [64]; (2) the network of “follower of” relationships between people,
representing a relatively more stable social network, spanning diverse topics and
communities. In both cases, the networks could reflect a static moment in time or
an evolution, and the data collection has to be planned accordingly.
76
In section 1.3, An Ultimate Goal, I wonder what generates connections across
languages communities and enables cross-cultural communication? Answering that
question completely requires different approaches and collecting data to look at both
types of networks. There are many complementary aspects that can be analyzed
using the transient communication networks and the attention (or followers) social
networks. However, in the interest of keeping this research project to a reasonable
scope, I decided to focus on attention social networks of multilingual users, as cap-
tured at one point in time. In future research, I would like to broaden the scope to
account for dynamic networks, topic-based and communication networks.
As documented in section 3.1, language choice online is influenced by many
simultaneous factors, such as the cultural and linguistic context in a particular re-
gion, the social context, the users’ perception of the availability of online resources
in a language, and the topic, to name a few factors that this dissertation will not
consider. The distinctive approach of this research consists on shifting the focus to
factors derived from the social network where the user is immersed. Also, partic-
ipants and audience are implicit factors when studying the textual feature of the
@ sign. Regarding the setting factor, the social networking site Twitter could be
considered one variable for comparison, but this work will not expand into other
social networks with different characteristics, like Facebook.
Methodologically, Androutsopoulos recommends to take into account the dig-
ital surroundings when analyzing written text, for instance, looking at the pictures
and videos that are linked [6]. Although this strategy is particularly relevant to
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Twitter and would enrich the qualitative analysis, this work will focus just on tex-
tual themes and hashtags due to time constraints in the final stage.
According to Rotman et al. [93], this type of research work would be consid-
ered an exploratory step prior to embarking in “extreme ethnography”, which is a
new approach to ethnographic methods for the study of human behavior in large
scale online environments. Indeed, adding detailed geographic information and cul-
tural backgrounds of the nodes in the social networks would provide a fascinating
overview of international communication patterns among individuals. However, such
endeavor will require a wealth of resources, and a long time.
4.7 Limitations
Due to the policy limitations of the Twitter API for extracting data and the
computational workload required for processing large social networks, I discarded
potential subjects that had more than 5000 followers. In practice, this decision biases
the sample against the bigger hubs in the social network. Other limitations in data
collection include the impossibility to obtain information from private accounts,
for technical and ethical reasons, and the presence of inactive users. These issues
translate into a 23% of subjects in the contacts dataset with no data available.
This research work focuses on 92 subjects, and their egocentric networks, which
is a small dataset that poses challenges in obtaining statistically significant results.
The diversity of languages included, and small size of their respective samples, hin-
dered any attempt to make comparisons between language groups.
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Also, a challenge lies in automatically identifying the language of this type of
short texts, and subsequently of nodes in the egocentric networks. In computer-
mediated communication the text often has characteristics of both written and spo-
ken language, with colloquial and regional dialect features, playful performance with
orthography and typography [23], which adds difficulty for automatic language iden-
tification. As reviewed in section 3.3, other research works have encountered this
problem and have reported high error rates in identifying romanized Arabic [9, 40].
Finally, during the data collection process, we did not collect geolocation in-
formation of posts. This type of information consists of GPS coordinates derived
from the users’ devices, or approximate area derived from the Internet Protocol (IP)
address of the users’ computer [40]. Only a small number of users publish geocoded
posts, as a result, this condition would have reduced the number of subjects and
biased the sample [83]. Instead, we collected the location information users provide
in a specific field of the Twitter interface. However, this data is unreliable [40] and
I decided not to take it into account during the analysis.
4.8 Reliability and Validity
Regarding the reliability of the data collected, this work focuses on messages
and actions —like “following” someone— of multilingual users in Twitter, and is
not using the data as a proxy for their behavior in other settings. The Twitter API
provides access to this information. Spammers are the most compromising problem
for the reliability of data. In the case of the 92 egos, I designed the selection steps
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(section 4.2) to avoid spammers and, in relation to validity, I also discarded people
that were not multilingual users as defined in this investigation.
For improving the reliability of language assignment, I used 30 posts per per-
son, tested different language identification tools and the algorithm that assigns
language labels to users based on their posts. I provide an estimated error rate
below 10%.
In the social network analysis, I designed a two-step study to improve the relia-
bility of the categories obtained in the qualitative phase with quantitative measures,
and tested the results with a classification model.
In the factor analysis, I operationalized the multilingualism of a social network
using the concept of entropy, which can be interpreted as the unpredictability of the
language used in the network. The more people in the network using different
languages, the higher the entropy. Unlike just counting the number of languages
present, the entropy accounts for the weigh those diverse languages have on the
network and provides a more accurate measure of multilingualism.
In the factor analysis, I used two regression models to compare the results
and test their validity. Finally, the qualitative data conformed by the posts written
by the 92 egos was categorized into public posts and replies. The comparison of
categorical data requires the use of non-parametric statistics to obtain valid results.
The theme analysis includes many examples from the data and compares the results
with previous findings in related studies to support their validity.
Regarding external validity and generalizability of results, the small scale of
the study limits the possibility for extrapolation to a wider multilingual population
80
in Twitter. On the positive side, the systematic documentation of steps in the
grounded theory approach for classifying network types, complemented with network
measures, enables replication. This replicability facilitates to scale up the study and
potentially obtain more generalizable results.
4.9 Ethical Considerations
This type of research, which consists of collecting public content from the
Internet with no aim of presenting subjects in a bad light, is considered a low risk
research activity that does not require an approval process by the Institutional
Review Board (IRB). In particular, I am not collecting any private information, like
age, gender, or real names, neither I am collecting data from accounts made private.
However, the study of these new social media environments with user-generated
content is challenging the established ethical protocols. Despite this study following
the current norms of the research community, many ethical issues are still being
debated and protocols might change in the future.
In the article Six Provocations for Big Data [22], the authors warn that users
posting publicly accessible messages online does not automatically make them con-
sent for anyone to collect and use their data. They have an intended audience and
purpose, and are unaware of their data being collected. Unfortunately, there is no
practical way to obtain consent from users or to inform them of the data collection
process.
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The main concern is the user’s privacy. The only identifiable personal in-
formation in the present datasets are public usernames, but I took the additional
precaution of using anonymized identification codes for all the subjects. When pre-
senting textual content, susceptible of including usernames, either I eliminated the
user mention or I replaced it for a fake name. However, the vast majority of textual
content was used only for automatic language identification.
I have encountered the problem of discovering one minor in the dataset by
reading a post stating the age. At that point, I eliminated immediately the subject
and corresponding data from the sample. This raises the question about how to
detect minors and be able to discard their data. Twitter added in 2012 an age
screening program, but it only works in the context of a minor trying to follow a




The main goal in this study is to develop a classification of egocentric net-
works based on the number of language groups that conform them and the patterns
of connections between the groups. The types of egocentric networks constitute the-
oretical constructs to understand the ways in which multilingual users of Twitter
are connecting language groups.
For that purpose, I visualized the 92 egocentric networks with the Gephi social
network analysis tool. The visualizations represent people as colored nodes and the
“follower of” relationship, as edges. The colors represent the single language they
use in Twitter, if they are bilingual, or have no data available. The ego is taken
out of the picture to avoid obscuring the display with too many edges; all members
of the egocentric network are connected with the ego by definition. I chose the
layout “Force Atlas”, which is a force directed placement scheme developed by
Mathieu Jacomy in 2007 for Gephi [35]. The Force Atlas layout follows a similar
placement scheme as the commonly used Fuchterman-Reingold layout, where the
algorithm replicates a hypothetical physical system trying to minimize the energy,
balancing attraction between nodes connected by springs [38]. The force-directed
placement schemes are particularly useful in revealing network structure [10], such
as communities.
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In summary, the visualizations convey structural information and language
information about the social network, by separating the social groups or communities
in the layout and distinguishing the language groups with colors.
As explained in section 4.1, this study follows an exploratory design with two
phases. First, I use a grounded theory approach to identify emergent types of ego-
centric networks focusing on the structural relationships of language groups. I use
grounded theory in the generic sense, to define theoretical constructs derived from
qualitative analysis of data, following the principles of the book by Corbin and
Strauss [17]. This approach consists of a sequence of coding stages, firstly establish-
ing some basic properties observed in the social networks, secondly extracting codes
from the visualizations as defined by their properties, and finally grouping codes
into categories according to shared properties.
In the second phase, I complemented the qualitative study of visualizations
with network statistics to provide a robust definition of network types. Also, I
propose an application of these types using machine learning for classification, which
also serves for testing the results. Finally, I discuss the findings in relation to the
theoretical framework and related work.
5.1 Qualitative Approach
As an initial step based on visual differences, I separated the egocentric net-
works in three types: 25 monolingual or very small networks, 62 bilingual networks,
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and 5 trilingual networks. Based on this initial classification, I established quanti-
tative thresholds that define these types:
• Bilingual networks: have at least 7 nodes using a second language (L2), and
the L2 group represents at least 2% of the graph nodes;
• Monolingual or very small networks: have fewer than 7 nodes using L2, or the
L2 group represents less than 2% of the graph nodes;
• Trilingual networks: have at least 7 nodes using a third language (L3), and
the L3 group does represents at least 7% of the graph nodes.
A higher threshold for trilingual networks enables to overcome the problem of
noise in multilingual networks, where differentiating a third language among several
others sometimes becomes challenging. This issue is less accentuated in bilingual
networks, which will be the focus of the subsequent analysis. Before proceeding with
the analysis of bilingual networks, I provide some insights about trilingual networks
with three examples from the dataset.
The first example is the egocentric network of the user “Kepa”1 (fig. 5.1). The
Basque group on the upper side (dark blue) connects with the Spanish group (green
in the middle) and in turn, the Spanish group connects with the English group at the
bottom (pink). Basque is a minority language in Spain and a co-official language
in the Basque Country region, where Spanish is also official language. This net-
work illustrates the interesting intersections and overlaps of language groups in the
context of a bilingual region, where English is taught as language for international
1Reported user names are changed for privacy protection.
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Figure 5.1: Basque group on the upper side (dark blue) connects with the Spanish group (green
in the middle) and in turn, the Spanish group connects with the English group at the bottom
(pink) and English-Spanish bilinguals (violet). Visualization made with Gephi.
communication. The Spanish-posting group seems to create a path of communica-
tion between English and the Basque community.
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Figure 5.2: Catalan group in the center (dark blue) integrated in the Spanish group at the bottom
(light green), connects with the English group at the top (pink). Bilinguals of Catalan-Spanish
are represented in dark green, Catalan-English in light violet, and Spanish-English in dark violet.
The nodes in light yellow represent nodes with no data. Visualization made with Gephi.
The second example is the egocentric network of the user “Montse” (fig. 5.2).
The Catalan group in the central axis of the graph (dark blue) is completely in-
tegrated within the Spanish group on the lower side (light green), and there is a
smaller English group on the upper side (pink). It is noteworthy the number of
bilinguals of Catalan and Spanish (darker green), followed by Catalan and English
(light violet) and Spanish and English (darker violet). Catalan is a minority lan-
guage in Spain and a co-official language in the Catalonia region, where Spanish is
also official language. This network illustrates a different flavor of language groups’
overlaps in the context of a bilingual region, where English is taught as language
for international communication.
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Figure 5.3: The Chinese group in the center (dark blue) connects through a few nodes with the
Japanese group on the upper side (green), and with the English group on the lower side (pink),
through some bilinguals (violet). The nodes in yellow represent nodes with no data. Visualization
made with Gephi.
Finally, the third example is the egocentric network of the user “Wei” (fig.
5.3). The Chinese group in the center (dark blue) connects through a few nodes
with the Japanese group on the upper side (green), and with the English group
on the lower side (pink). Some of the users connecting the groups either post in
English or both in English and Chinese. In this example, English seems to be playing
the role of international Lingua Franca, connecting the Chinese-posting group with
other language groups.
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I focused the social network analysis on the bilingual networks, for simplifying
the categorization to types of intersections between two language groups. During the
initial coding, I created a list of properties observed in the visualizations concerning
the structural relationships between the languages groups. These properties are
shown in table 5.1:
Properties
A) Degree of connection between language groups
A1 few connections
A2 tightly connected




C) Relative size of one language group respect to the other
C1 similar size
C2 very different size
Table 5.1: Properties of bilingual networks observed in the Gephi visualizations.
When combining the three types of properties, I deductively obtained 12 codes,
for instance: code 1 consisted of two language groups of similar size (C1), separated
(B1), and connected by a few nodes (A1); code 2 consisted of two language groups
of very different size (C2), separated (B1), and connected by a few nodes (A1);
code 9 consisted of two language groups of similar size (C1), tightly connected
(A2), and one language group has been partially penetrated by users of the other
(B2) ; code 12 consisted of two language groups of very different size (C2), the
small one completely integrated within the big one (A2, B3), etc.
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During the final iteration of the coding process, I observed some codes had no
instances in the dataset or very few. Those codes that had very few instances could
be grouped with codes of similar properties. For instance, regarding codes with a
high degree of integration of one language group inside another (B3), there are few
instances of language groups with similar size (C1), therefore I merged codes with
properties A2 and B3, regardless of the differences in group size (either C1 or C2).
In relation to codes with no instances, some properties presume others, like
B3 or B2 (some degree of integration of one language group inside another) require
a high degree of connection between the groups (A2); in consequence, certain com-
binations of properties are not possible. For this reason, some codes were discarded.
• Code 1 (A1, B1, C1) with 12 networks;
• Code 2 (A1, B1, C2) and code 8 (A2, B1, C2) grouped together have 12
networks;
• Code 3 (A1, B2, C1), code 4 (A1, B2, C2), code 5 (A1, B3, C1), and code 6
(A1, B3, C2) have contradictory properties, because B2 and B3 require A2,
and there are no instances in the dataset;
• Code 7 (A2, B1, C1) with 12 networks;
• Code 9 (A2, B2, C1) and code 10 (A2, B2, C2) grouped together have 9
networks;
• Code 11 (A2, B3, C1) and code 12 (A2, B3, C2) grouped together have 17
networks;
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The resulting groups of codes constitute the five categories of bilingual net-
works obtained with a qualitative approach. Below, I define the categories of ego-
centric networks in relation to the patterns of intersection between language groups.
Figure 5.4 illustrates them with examples from the data. The names of the cat-
egories are metaphorical; here bridge is not used as the graph theory term. See
appendix A for all the visualizations and the categories they were assigned.
• Gatekeeper (Fig. 5.4.1): two language groups connected by a few nodes only,
with properties A1, B1, and C1 (12 networks);
• Language bridge (Fig. 5.4.2): two tightly connected language groups, but still
separated, with properties A2, B1, and C1 (12 networks);
• Peripheral language (Fig. 5.4.3): a dominant language group connected to a
small or not cohesive language group, with properties A1 or A2, B1, and C2
(12);
• Union (Fig. 5.4.4): two tightly connected language groups, where one lan-
guage group has been penetrated by the other, with properties A2, B2, and
C1 or C2 (9 networks);
• Integration (Fig. 5.4.5): one language group inside another with properties
A2, B3, and C1 or C2 (17 networks).
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Fig. 5.4.2 Fig. 5.4.1 
Fig. 5.4.4 Fig. 5.4.3 Fig. 5.4.5 
Figure 5.4: Networks of 5 multilingual Twitter users exemplifying the types of egocentric net-
works. The nodes are their contacts and the edges represent the “follower of” relationship. Pink
nodes post in English and yellow/white is used for nodes with no data. Fig. 5.4.1 is the gatekeeper
type; there is a French group on the right side (green) loosely connected with an English group on
the left. Fig. 5.4.2 represents the language bridge type; in this network, the Japanese group on the
right side (green) is tightly connected with the English group on the left, and intermingled with
bilingual users (violet and dark green). Fig. 5.4.3 shows the peripheral language, Portuguese, on
the right side (green) of the dominant English group. Fig. 5.4.4 exemplifies the union type, where
the Greek group on the left (turquoise) is merging and mixing with the English group on the right,
and there are many bilinguals (violet and dark green). Fig. 5.4.5 illustrates the integration type;
the English group being inside the Arabic (green). Visualizations made with Gephi.
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The categories gatekeeper and language bridge present a continuum of in-
creasing connectivity between the two language groups, where extreme cases could
potentially belong to the other category. Similarly, the union and integration cate-
gories present a continuum of increasing penetration of one language group within
the other. The implication is that no statistic is going to divide these categories
cleanly. However, the network statistics helped to refine which networks were in
which categories in the extreme cases.
These different structures can potentially impact information diffusion [80]
across languages and nations. In the case of the gatekeeper type, and peripheral
language, cross-cultural awareness and information diffusion between the language
groups depend on a small number of users. If we look at the proportion of links
between the language groups, it seems that information will have higher chances of
crossing the language barrier in the case of the union and integration types.
5.2 Network Statistics
Similarly to how user types were defined by network structure in [112], I ex-
plored different network statistics to provide a robust definition of the types of
bilingual networks. The objective is to define a set of measures that, taken to-
gether, can differentiate each network type. Note that this analysis continues to
focus on the set of 62 bilingual networks.
First, I tried to convey the qualitative property of degree of connection between
language groups with the cross-language edge ratio (XLangR), as suggested by Prof.
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Jennifer Golbeck. To compute this ratio, I used the total number of edges in the
graph (T ), except those linking to nodes with no data or a non-identifiable language,




Additionally, the ratio between inner edges in the L2 group and the edges
going out of the group could convey both the degree of connection of the L2 group
with the rest of the graph and the relative size of the group with respect to the
graph. Computing the L2 inner/crossing edge ratio (XL2R) requires: the number
of edges connecting two nodes of L2 (τL2), and the number of edges connecting a




Another property that is related to the degree of connection and overlap be-
tween the language groups is the the bilingual ratio. After determining the two main
languages, L1 and L2, computing the bilingual ratio (BR) requires the number of




Finally, to account for the qualitative property of different size of the two main
language groups, I use the proportion of nodes in the L2 group (p(L2)) with respect





As explained in section 5.1, the network categories present a continuum of
increasing connectivity and overlap between two language groups, where extreme
cases could potentially belong to another category. Even though no statistic is
going to divide the categories cleanly, the figures below show how the five categories
can be regrouped into three main types that are differentiated by the statistics.
The categories gatekeeper and language bridge present a continuum of increas-
ing connectivity between the two language groups, but are different from the other
types because the L2 inner/crossing edge ratio is higher, which implies more con-
nections within the same language group than across language groups (figure 5.5).
Also, the L2 proportion differentiates the gatekeeper-bridge from the peripheral type
because the two language groups tend to be of similar size, whereas the different
sizes of the language groups is a defining property of the peripheral type (figure 5.6).
Similarly, the union and integration categories present a continuum of increas-
ing penetration of one language group within the other. The box plots in figure 5.7,
representing the cross-language edge ratio, show that the integration and union types
have higher ratios and are clearly differentiated from the other types. This pattern is
consistent with the bilingual ratio (5.8), which reinforces the differentiation between











































Figure 5.5: L2 inner/crossing edge ratio for five categories (left) and for three categories (right).






























Figure 5.6: L2 group proportion for five categories (left) and for three categories (right). This




































Figure 5.7: Cross-language edge ratio for five categories (left) and for three categories (right).






























Figure 5.8: Bilingual ratio for five categories (left) and for three categories (right). This statistic
differentiates the integration and union type.
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In summary, from a quantitative approach three main types of intersection
between two language groups in the social network can be defined:
• Gatekeeper-Language bridge: defined by a high L2 inner/crossing edge ratio,
more connections within the same language group than across language groups,
and language groups of similar size (24 networks);
• Integration and union: defined by high cross-language edge and bilingual ratios
(26 networks);
• Peripheral language: the L2 group accounts for a small proportion of the
graph, and it does not meet the defining properties of integration and union
types (12 networks).
Following the reasoning in section 5.1, the cross-language edge ratio and the
bilingual ratio can reflect the potential for information dissemination across language
borders. If we are able to classify the types of intersection between language groups
in a set of egocentric networks, we might be able to predict which networks have
more potential for cross-lingual linking, translation, and cross-cultural awareness.
However, the relationship between the types and the spread of information across
languages requires further investigation and fall outside the scope of this work.
5.3 Application of Categories
One potential application of the categories, particularly the three types that
are differentiated more clearly with the statistics, is the classification of bilingual
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egocentric networks. If the linkage between the types and the potential for cross-
language information dissemination is supported by further research, this classifi-
cation could be fundamental in detecting nodes and their egocentric networks that
can spread information across language and national borders more effectively.
In this section, I test the results of the social network analysis with a clas-
sification model using machine learning. I trained the classification model using
support vector machines (sequential minimal-based implementation, SMO) and the
dataset of 62 bilingual networks divided into three types. This dataset included
the attributes type, L1, L2, cross-language edge ratio, L2 inner/crossing edge ratio,
bilingual ratio, and proportion of L2. I used the Weka (Waikato Environment for
Knowledge Analysis) free software for machine learning, developed at the University
of Waikato, New Zealand.
Figure 5.9 shows the confusion matrix: all 26 networks of the integration
type were classified correctly; 19 of 24 gatekeeper-bridge networks were classified
correctly, while only half of the networks of peripheral language type were classified
correctly. In general, 51 networks of 62 were classified correctly and 11 incorrectly.
The F-measure for accuracy is 0.812 in average, but is particularly high for the
integration type, 0.881. These results show a promising potential for prediction,
even with this small dataset. As observed, these statistics are enabling differentiation
between the types of bilingual networks.
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=== Summary ===
Correctly Classified Instances          51               82.2581 %
Incorrectly Classified Instances        11               17.7419 %
Kappa statistic                          0.7127
Mean absolute error                      0.2688
Root mean squared error                  0.3474
Relative absolute error                 63.0008 %
Root relative squared error             75.1714 %
Coverage of cases (0.95 level)          96.7742 %
Mean rel. region size (0.95 level)      66.6667 %
Total Number of Instances               62     
=== Detailed Accuracy By Class ===
                 TP Rate  FP Rate  Precision  Recall  F-Measure Class
                 0.792    0.079    0.864      0.792   0.826 gatekeeper bridge
                 1        0.194    0.788      1       0.881 integration
                 0.5      0.02     0.857      0.5     0.632 peripheral
Weighted Avg.    0.823    0.116    0.831      0.823   0.812
=== Confusion Matrix ===
  a  b  c   <-- classified as
 19  4  1 |  a = gatekeeper bridge
  0 26  0 |  b = integration
  3  3  6 |  c = peripheral
Figure 5.9: Classification results using 10-fold cross-validation for the SVM model. This model
was trained using the dataset of 62 bilingual networks with attributes type, L1, L2, cross-language
edge ratio, L2 inner/crossing edge ratio, bilingual ratio, and proportion of L2.
5.4 Discussion
According to the Global Language System theory, polyglots provide cohesion
to the system [25]. In section 2.3, I explain that the cohesion of a social graph
depends on the edges that prevent the entire graph from breaking in isolated com-
ponents [38]. In other words, multilingual users might be preventing the social graph
of Twitter from breaking into isolated language groups, or “language bubbles” [46],
where information is concealed and similar views reinforced. As motivated in sec-
tion 1.2, instead of promoting isolated communities, social media sites should seek
to expose their users to the unexpected [119] and foster cross-cultural awareness.
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This social network analysis reveals how multilingual users are standing be-
tween language groups. Reusing the concept of “language bridges” applied by Etling
et al. [32] on the blogosphere, multilingual users are forming part of a language
bridge between communities in varying degrees. These varying degrees are pre-
sented in this chapter as a continuum of increasing connections between the language
groups and a continuum of increasing penetration of one language group within the
structure of the other. The classification of egocentric networks, or intersections of
language groups, could serve to distinguish those egos who might be playing a role
as gatekeepers [82] or language brokers [55], and also unveils that not all multilin-
gual users are necessarily in such position. For instance, in the case of the union
and integration types many users are connecting both language groups aside from
the ego itself.
As a result of this analysis other questions arise: what are the profiles and
social contexts of these multilingual users and how they relate to the type of network?
For instance, does the integration type reflect a minority or immigrant community
in a country? Do small English-posting groups integrated in a non-English group
reflect an elite in a country? An example related to the later question can be
found in section 3.1, where I reviewed a study on email and Internet chat in Egypt
documenting the use of English by a professional elite [108].
The relationship between these types of egocentric networks with the potential
impact on information flows remains an open question. It seems reasonable to
hypothesize in future research that certain types —like the union and integration
categories— might favor cross-lingual linking and dissemination, while other types
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—like the gatekeeper category— might be interesting for those seeking purposeful
concealment of information.
Methodologically, social network analysis enables going beyond survey infor-
mation about multilingualism, like the large-scale survey The Twitter of Babel [83],
and facilitates a deeper understanding about the structural relations between lan-
guage communities, potentially shedding light into the dynamics of international
communication. In this respect, the present study takes a similar approach as Lan-
guage Networks on LiveJournal [53], but enhances the descriptive analysis with the
creation and definition of theoretical constructs: the types of intersections between
language groups in egocentric networks. Also, this study conceives the egocentric
network as a language ecology where the ego is immersed at the micro-scale level,
influencing its communication strategy and language choices. This is relevant to the




The main goal of this study is to explore how the social network influences the
language choices of the multilingual Twitter user. In particular, I tested if we can
model the number of times this person (the ego) chooses one language over the other
using some characteristics of the egocentric network as predictors. The dependent
variables considered are the frequency of English use and non-English language use
within the 50 posts of the ego. The frequencies represent the language choices of
the multilingual user.
As explained in section 2.5, I consider inter-sentential code-switching when
the language changes from one post to the next, while bilingual posts would be
cases of intra-sentential code-switching. In this study, I only take into account
inter-sentential code-switching and each post represents one interaction. Every post
was assigned a language label by the automatic language identification tool and,
subsequently, frequency counts of posts in each language were calculated for every
ego. Finally, the two most frequent languages of a user were selected to represent
his or her options for language choice. English was always one of them due to the
sampling conditions.
The factors —independent variables or predictors— are the proportion of En-
glish and non-English language users in the social network, and the degree of multi-
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lingualism of the social network. The relative importance of factors, or their weight,
is represented by the coefficients obtained by fitting two different generalized lin-
ear models to the dataset: linear regression, and logistic regression. The main
hypotheses are: higher proportions of English users in the network will be a good
predictor for more frequent English use by the ego; inversely, higher proportions of
non-English language users in the network will be a good predictor of more frequent
use of a non-English language by the ego; and the multilingualism of the network
will be also a predictor of English use, reflecting its role as a lingua franca.
6.1 Operationalization of Variables
The language choices of the multilingual user are defined by two dependent
variables: (1) the number of English posts within the 50 (or fewer) posts extracted
for each multilingual ego, (2) and the number of posts in other language, called L2.
The dependent variables reflect the aggregation of posts at user level, not individual
posts. In other words, the models do not consider if one particular post is written in
English or L2, but how much or little English a person will tend to use in interactions
via Twitter. The factors considered are:
• proportion of English users in the network, represented by the number of
speakers labelled as English users and divided by the total number of nodes
in the network;
104
• proportion of users of the most frequent non-English language in the network
(L2), represented by the number of speakers labelled as L2 users, and divided
by the total number of nodes in the network;
• the multilingual index of the network, which represents the degree of multilin-
gualism of the social network.
As suggested by Prof. Jordan Boyd-Graber, the multilingual index can be
operationalized as the entropy of a multinomial distribution (formula 6.1). This
idea borrows the concept of entropy from Information Theory [94].
In this context, the entropy can be interpreted as the unpredictability of the
language used in the network. An entropy close to 0 means that most people in
the network are writing in one language, hence the language of the network is more
predictable. The more people in the network using different languages, the higher
the entropy, reflecting the uncertainty about the language of the network. Unlike
providing just the number of languages as a measure of multilingualism, the entropy






Equation 6.1 for calculating the multilingual index of a social network is bor-
rowed from Shannon’s entropy theorem [94]. In this dissertation study, n is the
number of languages in the network and pi is the number of nodes in language i
divided by the total number of nodes.
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Ego$en$use Ego$L2$use N$of$posts entropy net$en$use net$L2$use
28 19 50 0.79230492 0.51793722 0.45515695
11 38 50 0.67065588 0.63473054 0.35329341
35 15 50 0.42538128 0.84931507 0.10958904
18 6 25 0.69040118 0.47368421 0.52631579
15 35 50 0.57881166 0.7202381 0.26785714
Figure 6.1: Input data file for factor analysis with a reduced number of lines for illustration
purposes. The columns represent, from left to right, dependent variables English use by the ego
and L2 use by the ego, number of available posts for the ego, and factors multilingual index or
entropy, proportion of English users and proportion of L2 users in the egocentric network.
6.2 Regression Models and Analysis
In this study, I used two different generalized linear regression models to build a
probabilistic model that relates a dependent variable y to more than one independent
or predictor variable [29].
Formula 6.2 is the multiple linear regression equation for three predictor vari-
ables, x1, x2, x3: proportion of English users, proportion of L2 users, and multilingual
index of the network.
y = β0 + β1x1 + β2x2 + β3x3 (6.2)
In formula 6.2, β1, β2, β3 are the regression coefficients. β1 is interpreted as the
expected change in y associated with a 1-unit increase in x1, while x2 and x3 are
held fixed [29]. Analogous interpretations hold for β2 and β3. The intercept of the
fitted line is β0, which is the predicted value of y when all factors have value 0 [29].
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I used the linear regression model for two dependent variables yen and yl2,
which are operationalized as the normalized count of posts written in English by
the ego (yen) and the normalized count of posts written in L2 by the ego (yl2). Given
that not all egos have 50 posts available, the normalization consists of dividing a
particular count by the total number of posts available for the ego. However, the
output of the linear regression model are numbers from 0 to infinity. For this reason,
the linear regression model might not be the best option for this dataset.
Alternatively, logistic regression can be used to get probability scores (between
0 and 1) as the predicted values of the dependent variable y [79]. Formula 6.3 is
the transformation equation from a linear regression output to logistic regression




= β0 + β1x1 + β2x2 + β3x3 (6.3)
Like in the previous model, I used the logistic regression model for two de-
pendent variables yen and yl2, which are operationalized as pairs of counts: (yen,
N−yen) and (yl2, N−yl2), where N is the total number of posts available for a user.
I used the R language for the statistical analysis. R is an open programming
language and software environment for statistical computing. As a result of fit-
ting these generalized linear models, R outputs the regression coefficients for the
independent variables or factors, including the intercept, and indicating positive or
negative correlation. In addition, R provides the specific p-value scores for each of
the regression coefficients.
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Firstly, I used the linear regression function in R to model the use of English
by the ego (model 6.4) and the use of L2 by the ego (model 6.5).
−lm(Ego.en.use/N.of.posts ∼ entropy + net.en.use+ net.L2.use) (6.4)
−lm(Ego.L2.use/N.of.posts ∼ entropy + net.en.use+ net.L2.use) (6.5)
Secondly, I used the logistic regression function in R to model the use of English
by the ego (model 6.6) and the use of L2 by the ego (model 6.7).
−glm(response ∼ entropy + net.en.use+ net.L2.use, family = binomial(′logit′))
(6.6)
−glm(responseL2 ∼ entropy+net.en.use+net.L2.use, family = binomial(′logit′))
(6.7)
In the logistic regression model, the depended variables are operationalized as
pairs of counts:
response < −cbind(Ego.en.use,N.of.posts− Ego.en.use)
responseL2 < −cbind(Ego.L2.use,N.of.posts− Ego.L2.use)
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Predictors of Ego.en.use Estimate Std. Error p-value
(Intercept) 0.0002 0.554 1.000
entropy 0.0414 0.160 0.797
net.en.use 0.796 0.502 0.117
net.L2.use 0.075 0.454 0.868
Table 6.1: Linear regression coefficients for modeling the use of English by the ego. None of the
coefficients are statistically significant. The proportion of English users in the network is the most
important predictor of English use by the ego.
6.3 Results
The results of the linear regression model in table 6.1 do not provide statisti-
cally significant coefficients for predictors of English use by the ego. I established
the level of significance for the coefficients at a p-value of 0.05. The proportion of
English users in the network has the greatest coefficient, indicating this factor is
more important for predicting the use of English by the ego. Both the proportion
of English users in the network and the multilingual index have positive correlation
with the use of English by the ego, as stated in the hypothesis.
Similarly, the results of the linear regression model in table 6.2 do not provide
statistically significant coefficients for predictors of L2 use by the ego. The propor-
tion of English users in the network is the factor with the greatest coefficient in
absolute value, but is negatively correlated with L2 use by the ego. The proportion
of L2 users in the network is positively correlated with L2 use, as stated in the
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Predictors of Ego.L2.use Estimate Std. Error p-value
(Intercept) 0.482 0.548 0.382
entropy 0.0335 0.159 0.833
net.en.use -0.354 0.497 0.479
net.L2.use 0.263 0.449 0.559
Table 6.2: Linear regression coefficients for modeling the use of L2 by the ego. None of the
coefficients are statistically significant. The factor proportion of L2 users in the network has a
positive correlation with the use of L2 by the ego, whereas the factor proportion of English users
has a negative correlation.
hypothesis. However, in disagreement with the hypothesis, the entropy is positively
correlated with L2 use. In summary, the proportion of English users and the pro-
portion of L2 users in the network are better predictors of L2 use by the ego than
the entropy.
The results of the logistic regression model in table 6.3 include the coefficients
for predictors of English use by the ego. The proportion of English users in the
network is a statistically significant predictor. Like in the previous model, the
proportion of English users in the network has the greatest coefficient, indicating
this is the best predictor of English use by the ego. In this model, all the positive
and negative correlations of the coefficients are in agreement with the hypothesis,
i.e. both the proportion of English users in the network and the multilingual index
correlate positively with the use of English by the ego, while the proportion of L2
users in the network correlates negatively.
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Predictors of Ego.en.use Estimate Std. Error p-value
(Intercept) -1.718 0.918 0.061
entropy 0.114 0.265 0.668
net.en.use 2.981 0.832 0.0003 *
net.L2.use -0.086 0.739 0.907
Table 6.3: Logistic regression coefficients for modeling the use of English by the ego. The
proportion of English users in the network is a statistically significant predictor and the most
important for predicting English use by the ego.
Predictors of Ego.L2.use Estimate Std. Error p-value
(Intercept) -0.563 0.899 0.531
entropy 0.302 0.251 0.245
net.en.use -1.109 0.801 0.170
net.L2.use 1.551 0.737 0.035 *
Table 6.4: Logistic regression coefficients for modeling the use of L2 by the ego. The proportion
of L2 users in the network is a statistically significant predictor. Both the proportion of L2 users
and English users in the network are important predictors of L2 use by the ego.
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Finally, the results of the logistic regression model in table 6.4 include the
coefficients for predictors of L2 use by the ego. Using this model, the proportion
of L2 users in the network is a statistically significant predictor if establishing the
level of significance at p = 0.05. Also, the proportion of L2 users in the network
has the greatest coefficient, indicating this is the most important predictor of L2
use by the ego. The proportion of English users in the network correlates negatively
with the use of L2 by the ego, and the proportion of L2 users in the network
correlates positively, as stated in the hypothesis. However, in disagreement with the
hypothesis, the entropy correlates positively with the use of L2 by the ego.
6.4 Discussion
In conclusion, the two generalized linear regression models consistently show
that the proportion of English users in the network constitutes a key influencing
factor in the frequency of English use by the multilingual individual, as stated in
the hypothesis. This result was statistically significant in the logistic regression
model. Also, the coefficient of this factor was the greatest in the two models.
Similarly, the proportion of L2 users in the network is a very important factor
influencing the frequency of L2 use by the multilingual person, in agreement with
the hypothesis. This result was statistically significant in the logistic regression
model. Also, the coefficient of this factor was the greatest in the logistic regression
model of L2 use. Interestingly, the factor proportion of English use in the network
is also an important predictor for L2 use by the ego, but is negatively correlated.
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Regarding the multilingual index (or entropy), the results are inconclusive
about the relation to the language choice of multilingual users. The hypothesis that
the entropy could be a good predictor of English use is not confirmed. A future
study could deepen into the question of English being used as a lingua franca by
focusing on multilingual egocentric networks with no monolingual users of English.
Controlling this variable can eliminate the confounding influence of users writing in
English only.
In essence, these results suggest that the multilingual Twitter users perceive
the language composition of their egocentric network and interact accordingly. Or,
on the contrary, the language choices of multilingual users might attract followers
of a specific language profile. Most probably, the relation goes both ways, in a self-
feeding cycle. Social networks evolve over time and users may adapt their language
choices in a dynamic relationship with their egocentric network. As Marwick and
boyd theorized: “[...] identity on Twitter is constructed through conversations with
others. Tweets are formulated based partially on a social context constructed from
the tweets of people one follows” [81](11).
Other factors that I initially tested in this analysis were the most frequently
used non-English language of the network and the type of network. However, these
factors posed specific challenges. In the 92 networks, there were a total of 16 lan-
guages that appeared as the most frequently used non-English language. As a
consequence, the data were too sparse for any one language to be operationalized as
a factor. The type of network structure resulting from the social network analysis
was challenging to use as a factor because there are not clear-cut divisions between
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types, but stages in a continuum. In future work, it will be interesting to study
users’ awareness or intuition about their social network type and how this might
affect their language choices.
There are other factors influencing language choice that do not fall under
the scope of this work: cultural and linguistic context in a particular region, the
perceived availability of online resources in a language, social context, language




In this chapter, I shift attention from the social network to the content of the
posts written by the egos. There is a convention in Twitter for addressing a message
to a particular user or referencing a person, the “mentions”, which consists of an
@ sign and a username [81]. Honeycutt and Herring [54] studied the @ sign as a
marker of addressivity in Twitter; they found that more than 90% of messages with
the @ sign were addressed to a user, 5% were referencing a person, and the rest
were indicating location or other functions. Surprisingly, they did not comment on
the key factor of the mention location within the message to differentiate the posts
intended for a specific user: mentions in the beginning of the post are typically used
to reply to someone’s message.
In the first part of this study, I look at the textual feature of the @ sign at the
beginning of a post as an indicator of addressivity, in particular, to distinguish the
posts that are replies to an individual. In other words, this indicator can be used to
differentiate the type of exchange: sending a public post, including repostings with
a comment, and replying to an individual. The objective is to test the hypothesis
that the type of exchange is a factor that affects language choice.
The second part of this study takes a qualitative approach to detect the themes
that might help in creating cross-cultural awareness, where the multilingual users
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might be trying to reach an international audience, acting as mediators from the
point of view of their messages. I identify themes related to non-English speaking
countries or communities in English posts and, also, I identify English hashtags
(keywords preceded by the # sign) inserted in non-English posts. Using a generic
theme analysis, this study serves as an explorative qualitative phase to inform the
design of future studies after this dissertation work.
7.1 Description of the Data
The dataset used in this study was called “ego dataset” in chapter 4 and in-
cludes the last 50 posts (or fewer) of the main 92 subjects, who are multilingual
users. In total, the dataset contains 4,423 Twitter posts, associated to their re-
spective authors. Note that these posts are never automatic repostings (using a
“retweet” button), due to the requirements during data collection, as explained in
chapter 4. The majority of posts have a language label, obtained with automatic
language identification. In some cases, there was no language label because the
post contained only symbols or URLs, and those were removed before proceeding
to the automatic identification of the language. The precise number of posts with a
language label is 4,374.
In preparation for this analysis, I revised the language labels with two objec-
tives:
1. eliminating from frequency counts of English automatic posts sent by applica-
tions, for example, “Posted a picture on Facebook”, “liked a photo on Face-
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book”, “favorited a Youtube video”, “I am at something @ name of place”
(foursquare);
2. identifying bilingual posts with the appropriate label. I used the criteria de-
scribed in section 4.4.2 to classify a post as bilingual, in particular, the post
has to meet one of these conditions:
– one word is in a second language in a post with fewer than five words;
– two words are in a second language in a post that has between five and
ten words included, except if those two words are a named entity;
– at least three words are in a second language in a post with more than
ten words, except when they are a named entity.
Also, the posts were classified in three types of exchange: public post (ToAll),
reposting with a comment (RT), or replying to an individual (reply). I designed a
simple algorithm for the automatic classification of the posts, using regular expres-
sions, i.e. when a post starts with the @ sign followed by a username is a reply to
that person.
Initially, I posed the question whether I will find more bilingual posts of the
type reposting with a comment, thinking of potential translations, which triggered
the revision of language labels and posts to identify them. Also, this initial question
justified the differentiation between general public posts and repostings with a com-
ment, using the convention of “RT” or “rt” [66]. However, the resulting number of
bilingual posts in the ego dataset was very low, 37, and none of them were repostings
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with a comment. For this reason, I discarded any hypotheses related to bilingual
posts.
To sum up, the dataset used has 4,374 posts, all of which have a language
category (English, other), and a category of exchange type (ToAll, RT, reply).
7.2 Hypothesis Testing: Fisher’s Exact Test
In this section, I propose to test the following hypothesis: English is used more
when addressing a post to the public in general (ToAll and RT) than when replying
to individuals . This hypothesis is based on the empirical observations of previous
research studies on email and mailing lists [31, 65], focusing on the impact on lan-
guage choice of addressing a message to one person or to a multilingual audience;
in the later case English was preferred for its function as a lingua franca.
If a is the number of replies in English, and b is the number of ToAll and RT
posts in English, the null hypothesis can be stated as:
H0 : a ≥ b (7.1)
And the alternative hypothesis is:
Ha : a < b (7.2)
I set the commonly accepted value of p = 0.05 as the level of significance
associated with the null hypothesis.
Honeycutt and Herring [54] estimated that roughly 30% of all Twitter posts
contained an @ sign regardless of language. However, they recognized that English
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was by far the most frequent language in their sample. More recently, Weerkamp
et al. [110] looked specifically at the different proportion of replies depending on
the language in Twitter, which varies from 36% of posts being replies in Dutch and
34% in Spanish, to 25% of replies in English, and 13% of replies both in Portuguese
and Indonesian. Similarly, in the ego dataset the number of replies to specific users
is lower in general than posts addressed to a wider audience. In particular, 22% of
English posts are replies, while 35% of posts in other languages are replies.
Given the lower number of replies versus public posts in this dataset, I nor-
malize the counts. Therefore, I compare the proportion of replies that are written
in English, a
a+c
, with the proportion of ToAll and RT written in English, b
b+d
, where
c is the number of replies in other languages, and d is the number of ToAll and RT
posts in other languages.
The results show that the null hypothesis seems to be untrue: the proportion
of replies in English is a
a+c
= 0.3810, while the proportion of public posts written in
English is b
b+d
= 0.5368. To reject the null hypothesis, I have to apply a statistical
test of significance. Since I am comparing the categories of the posts, the most
appropriate non-parametric test is the Fisher’s Exact Test [36].
In the Fisher’s Exact Test, the data can be displayed in a 2x2 contingency
table (table 7.1). The probability of obtaining any such set of values is given by the












) = (a+ b)! (c+ d)! (a+ c)! (b+ d)!
a! b! c! d! n!
(7.3)
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Replies ToAll+RT Language total
English a=482 b=1669 a+b=2151
Other c=783 d=1440 c+d=2223
Type of exchange total a+c=1265 b+d=3109 n=4374
Table 7.1: 2x2 contingency table for the Fisher’s Exact Test.
The resulting p-value is 2 e−21, which is much lower than the set value. In
conclusion, we can reject the null hypothesis in favor of the alternative hypothesis:
in the case of multilingual Twitter users, they use English more frequently in public
posts than in replies to individuals.
7.3 Discussion: Addressivity as a Factor
This result reinforces the idea that addressing an online message to a perceived
multilingual audience encourages the use of English. In Twitter, the only previous
study that has looked at addressivity as a factor for language choice focused on
Welsh-English bilinguals [61]. The study by Johnson [61] also found that they use
proportionally more English in public posts (53%) than in replies to individuals
(44%) in a sample of 500 posts. The author speculates that the use of English is
encouraged in Twitter for its potential to reach a wider audience [61]. The work by
Johnson reported very few cases of bilingual posts [61], which is consistent with the
description in section 7.1.
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In section 3.3, I reviewed two works that suggest Twitter is used more for
conversational purposes in some languages, with higher frequency of @ signs, while
in other languages is more common to use it for sharing resources, as the higher
frequency of URLs and repostings might indicate [110, 55]. Taking these previous
findings into consideration, future work should study the combination of language
profile of the user and addressivity of the message to understand language choices
in Twitter.
The lesson for system designers is that different types of exchange between
people, with the corresponding number of sources and receivers (one or many),
could prompt code-switching, a user changing the language.
7.4 Theme Analysis
In chapter 5, I studied the social connections between language groups, but
ultimately, I am interested in understanding the complementary roles of social con-
nections and topic-based linkages in creating cross-cultural bridges.
This qualitative analysis constitutes a first exploration of themes that could
potentially connect communities speaking different languages. I use the ego dataset,
which was not initially collected with the idea of detecting communities around a
topic, instead the purpose was to gather multilingual users regardless of their inter-
ests. With this limitation in mind, as well as the numerous languages present in the
dataset, I decided to focus on identifying keywords related to non-English speak-
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ing countries or communities in English posts, and English “hashtags” (keywords
prefixed with the pound sign) inserted in non-English posts.
Previous works [24] have attempted to develop various classification schemes of
content in Twitter, but they are too broad for the purposes of this study. Dann [24]
focuses his review on five classification schemes and complements them with his own
scheme of six general categories, namely conversational, pass along, news, status,
phatic, spam, and 24 subcategories, like response, location, endorsement, headlines,
sports, events, etc. In this section, I do not base my analysis on these existing
classification schemes, instead I read through the data without prior preconceptions
in search of answers to the questions: why is the user mentioning a non-English
speaking place or a non-English language? What is she/he saying about it? Why is
the user inserting an English hashtag in a non-English post?
The descriptive nature of this generic theme analysis intends to stimulate more
systematic research questions and classification schemes to discover the topics and
feelings that bring multilingual online communities together.
7.4.1 International themes in the English language set
Firstly, while reading the 2,151 posts in English, I identified the names of
places, cities, countries, or languages that are not English speaking. At the same
time, I annotated the context in which they were mentioned. After a second revision,
I used the annotations about the context as the basis for the following emergent
themes:
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• international news, which include links to media sources and reactions (i.e.
“Arab Revolution power”, “The Ukrainian experience for Arab world by Lionel
Beehner ”, “Hope that everyone in Japan is fine... ”);
• people’s travel plans or an accomplished travel (i.e. “can’t wait to fly to
#Barcelona”, “Now considering Martinique & Guadeloupe for my next holi-
day”, “Hi back from germany”, “off to Geneva for a show at a fancy birthday
party”);
• people’s location (i.e. “ It’s 3AM here in France so I’m kind of tired”, “[...]you
are at the Schokoladenmuseum”, “[...]we need you in Oberhausen! [...]How
long will you stay in Hamburg?”);
• event’s location (i.e. “Buskers Festival in Bern was fantastic!”, “annual Swiss
Congress of Radiology”, “Global Performing Arts Exchange Singapore”, “To-
morrow is our concert in Dresden” );
• an opinion, of political kind or not (i.e. “miserable greek reality”, “I am for
communism. Swedish communism”, “bahrain tonight should burn...”, “Given
the birth rate & z population figures in Egypt, I can’t understand how sex is
a taboo [...]”);
• internationalization of technology (i.e. “[...]software penetrating Angola”,
“Portuguese RTS game for PS3 [...]”, “I use it in China to redirect my website”,
“@adobe should organise an event for nord africa just like @google”);
• Sports (i.e. “German Rugby”, “Forza Milan!”);
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• Culture (i.e. “Nigerian Clubbing etiquette”, “Victor Manuelle is a Puerto
Rican artist!”, “Israeli band Orphaned Land rocks Turkey”);
• Language, including remarks about the language of a resource linked when is
different from English (i.e. “New Review 9/10 Points (German)”, “Afrikaans
Video”);
• gastronomy and restaurants (i.e. “Turkish scrambled eggs...” , “all you can
eat at thai-jap rest...”);
• travel recommendations (i.e. “If a Lille visit is on the agenda [...] I’d highly
recommend the LAM museum”, “see my latest thoughts on ‘Where To Stay’
in Istanbul”, “You should come to Israel during the summer, you’ll have a
blast!”);
There are 227 posts in which a non-English speaking place or language is
mentioned. Table 7.2 displays the frequency of the themes. The complete list of
places and languages, with an extract of the textual context and associated theme
can be found in Appendix B.
Looking at this list of themes found in English posts, I wondered which ones are
drawing attention to countries and communities that are not English-speaking and
providing some information. Generally, posts about people’s locations (32 instances)
or travel plans and accomplished travels (33 instances) do not provide information
about those places, and I speculate the function of these posts relates more to














Language of resource 4
Gastronomy and restaurants 10
Travel recommendations 9
A country’s policy 2
Location and language 1
Culture and humor 1
Travel plans and opinion 1
Movies 1
Table 7.2: Frequencies of themes related to non-English speaking places and languages mentioned
in English posts.
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Likewise, the posts related to events’ locations (27 instances) might have a
primary coordinating function, but in some cases (eg.“oktoberfest”) the post is
drawing attention to events of cultural interest in a country and could be considered
as fostering cross-cultural awareness.
The theme international news, which includes also the reactions to the news,
is the theme that most frequently fosters cross-cultural awareness in the ego dataset
(35 instances). These posts show the interest of the author in a non-English speak-
ing community and provides information to the followers. Opinions, of political
kind or not (24 instances) is the subsequent most frequent theme in raising cross-
cultural awareness. In this case, the author also shows interest in a non-English
speaking community and provides some piece of information, albeit the impressions
are sometimes negative. More scarce, there are posts referring to Sports (13 cases),
Culture (12 cases), gastronomy and restaurants (10 cases), and travel recommenda-
tions (9 instances) of countries that are non-English speaking, which also provide
some information about cultural aspects.
Aside, the theme internationalization of technology is interesting in its own
right because it reflects on technology adoption in different areas of the world.
Although the instances are low in this dataset (14 cases), it points to a promising
application for tracking the adoption of technology products and services at an
international scale.
Finally, it is worth noting that among the 12 mentions of a language different
from English, there are 4 instances in this dataset where users specify the language of
a resource they are linking. They are creating a cross-language link, a phenomenon
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that has been studied on the blogosphere [53, 47]. Cross-language linking, like the
cross-language social connections studied in chapter 5, contribute to building paths
between communication spheres online that are separated by language, enabling the
flow of information across national boundaries.
In summary, even though the mention of a non-English place or language
does not always come with information about it, some themes might be facilitating
cross-cultural awareness, like international news, sports, and culture. Unfortunately,
sharing of resources in languages other than English into the English language sphere
on Twitter seems to be infrequent, or at least the language notices preceding the
link. Alternative data collection techniques could shed light into this phenomenon
in future research.
7.4.2 English hashtags in the non-English language set
In a second phase, I read the 2,223 posts that were left out from the English
language set. However, among those, there are posts in English that were classified
as automatic (see section 7.1). I ignored such posts for the purposes of this analysis.
Aside from English, there are 18 languages in the ego dataset. Given the challenge
that so many languages posed for the analysis, I focused on identifying English
“hashtags” only, keywords or phrases prefixed with the pound sign (#).
The purpose is to explore the reasons why a user writing in a language different
from English might want to add an English word or phrase. Are they examples of
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code-switching? Are they a mechanism to draw international attention? Or are
there other motivations behind?
The hashtag was a convention of the Internet Relay Chat (IRC) introduced
and accepted by users as the Twitter tagging feature in 2007 [15]. Hashtags are used
to “funnel related tweets into common streams” [57], by aggregating posts with a
common hashtag. It is important to bare in mind that the hashtag can be a means
to classify a message, but also provides the user with visibility in a “many-to-many”
conversation about a topic, potentially enabling the user to reach an audience beyond
their followers. The Twitter system leverages hashtags for creating lists of popular
topics in real time, called “trending topics”. These trending topics are visible by all
users, thus potentially drawing worldwide attention. As a side note, the proportion
of Twitter posts with hashtags seems to vary with language, for example, a study
reports that in German they account for 25% of posts, 14% in English, and as low
as 4% in Japanese [110].
I created a list with the identified hashtags in English, and also I included
hashtags of brand names and products, names of places in English or transliterated
into latin script, and many acronyms. Acronyms posed a particular challenge, given
that many of them were just informal ad-hoc abbreviations and required search
and documentation to understand the meaning. Often, they were abbreviations of
conference names, music festivals, and other events with a potential international
audience. Occasionally, I could not determine the meaning of the acronym, in
consequence I did not include those on the list of selected hashtags. Also, I discarded
acronyms that were referring to local events or institutions (eg. German institution
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#rbb, Portuguese political debate #e2011pt ), when they were specific of the culture
and language in which the author was writing and did not constitute a change of
language or script.
Subsequently, I classified the hashtags using the annotations about their mean-
ing. I tried to classify them in topics, like Information and Communication Tech-
nologies, and political topic and campaigns. However, some hashtags have a primary
conversational function instead of referring to a topic, as studied by Huang et al.
[57]. They argue that these types of tags “serve as a prompt for user comment”
and “the resulting content is an asynchronous massively-multi-person conversation”;
also, they provide a few examples, like #igrewupon, #liesmentell [57]. The conver-
sational tags of Huang et al. [57] correspond to what Laniado and Mika [70] called
“tags characterized by a common sentiment”, which they illustrate with examples
such as #thankfulfor and #youknowyouareuglyif. They estimated that 20% of
Twitter hashtags belong to this type. Also, many hashtags refer to named entities.
Laniado and Mika [70] estimated that 39% of hashtags are named entities, most
commonly referring to organizations, products, and events.
As a result of this diversity, first I classified hashtags in two main groups:
conversational tags, and the rest. Secondly, I divided the conversational tags in
three types: emergent discourse conventions in Twitter (eg. #fail, #wtf), reflecting
on Twitter use (eg. #1000followers, #odd trend), and informal or ad-hoc Twitter
genres (eg.#a thought, #kindlyAdvice, #roadrage). Finally, I classified the rest of
the hashtags into groups of topics, and grouped aside the brands, devices, events,
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locations, and dates. The tables of hashtags, including frequency of appearance and
the categories in which they are classified, can be found at the end of this section.
A prominent group of English hashtags relates to Information and Commu-
nication Technologies (eg. #mobileusers, #Android, #Cloud Computing, #hyper-
linking), which also spans brands and devices, such as #microsoft, #skype, #Ipod
(see table 7.5). Among these hashtags, there are named entities, but also cases of
intrasentential code-switching, where the user switches from one language to an-
other within the same sentence [62]; following Joshi’s definition [62], English is the
embedded language within a non-English matrix language in these examples.
While the topic of Technology and Internet seems to trigger the use of English
terms, international news (eg. #bahrain, #egypt), and campaigns, such as #1bil-
lionhungry, might be biased towards English hashtags to draw global attention (see
tables 7.7 and 7.8). International news could potentially lead to a trending topic
and draw attention about events unfolding in real time in some part of the world,
like it was the case during the popular uprising in Egypt during 2011 [16].
There are also numerous hashtags referring to conferences and music festivals.
If the organizers of such events announce or promote a hashtag, they avoid the
problem of fragmentation of message streams related to the event due to variations
of keywords [15]. However, in this sample there are variants of a hashtag for the
same event, such as #caexpoitaly and #caexpo, #gmaghreb and #gmaghreb11,
#sepIn11 and #sepIn (see table 7.6). Letierce et al. [72] studied the use of Twitter
and hashtags in conferences of Semantic Web researchers and revealed that users
have a desire to participate in the discussion around the conference and see their
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messages included in the conference stream, while hoping to increase their network.
They concluded that Twitter is used as a background communication channel during
those events.
Most interestingly, international conferences and music festivals attract multi-
lingual and multicultural audiences, who can conform to the same Twitter hashtag
and generate multilingual conversations around the event taking place. These inter-
national events might be key in promoting cross-language sharing of resources and
creating social ties across language and national boundaries in the online communi-
cation sphere.
There are still other reasons to use an English hashtag when writing in a dif-
ferent language: as studied by Huang et al. [57], some hashtags are prompts for user
comment and a way to participate in a multi-person conversation. A conversation
that can be multilingual.
A few of these conversational tags constitute emergent discourse conventions
in Twitter, even adopted from other online sites, such as the commonly used #like
in the social networking site Facebook. Kooti et al. [66] studied the emergence and
evolution of this type of conventions looking at the specific example of reposting
in Twitter. They provided data showing how the user community was choosing to
include “RT” in their repostings more often than other alternatives over time. In
other words, Twitter users have progressively agreed in the use of certain codes,
such as adding #fail to their post when they talk about disappointing or deceiving
news (7 times in the non-English sample), #wtf to express disbelief, #FF or “follow
friday” to recommend other users, etc (see table 7.3). Even though these conventions
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come from the English language, they have been adopted in other languages for
communicating in Twitter.
Similarly, users in the non-English sample sometimes categorized their posts
in an “informal or ad-hoc genre” by adding an English hashtag, like #a thought,
#kindlyAdvice, #thisislife, #roadrage (see table 7.4). These examples are along the
lines of those presented by Huang et al. [57], and Laniado and Mika [70], referring to
common sentiments, but also less persistent over time than the previously discussed
emergent discourse conventions. These informal or ad-hoc genres in English seem
to have the potential to spread internationally and be adopted across languages in
Twitter, but this phenomenon is still not well documented.
In summary, some English hashtags reflect code-switching in relation to certain
topics, like Information and Communication Technologies. A question for future re-
search could be if this topic affects language choice, favoring the use of English. Also,
international news and campaigns might tend to trigger the use of English hashtags
to draw global attention. Finally, international events organizing back-channel com-
ments around a common hashtag, as well as certain conversational tags, could be
the focus of further research for their potential to foster multilingual conversations.
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Hashtag Frequency Meaning/Context
#fail 7 Sharing a bad experience or deceiving news
#wtf 2 Expressing surprise or disbelief
#FF 1 “follow friday”: recommending a person or orga-
nization to follow
#Like 1
#np 1 now playing or no problem

















Table 7.4: Conversational tags: reflecting on Twitter use and informal or ad-hoc Twitter genres.
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Topic Hashtag Frequency Meaning/Context
ICT
#mobileusers 6
#cisa 2 Online live broadcasting
#OVH 2 Online virtual hosting
#Android 1
#AR 1 Augmented Reality
#Cloud Computing 1
#Honeycomb 1 Android version
#hyperlinking 1
#launch 1 a website
#opendata 1
Devices
#fb funerals 2 Facebook






Vehicle brand #Audi 1
Table 7.5: Hashtags: ICT topic, brands and devices.
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Topic Hashtag Frequency Meaning/Context
Conferences/events
#caexpoitaly 9 CA expo 2011
#mcdd10 7 Mobile Camp Dresden
#caexpo 5 CA expo 2011
#gmaghreb 2 Google event in Maghreb
#gmaghreb11 1 Google event in Maghreb
#innovlab2011 1
#pycon4 1











#BlueWolves 1 Mongolian soccer team
#Comedystreet 1 German TV program
#tv 1
Table 7.6: Hashtags: events, music, TV, and sports.
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Table 7.7: Hashtags: location, time, and other named entities.
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Table 7.8: Hashtags: other topics.
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Chapter 8
Discussion and Future Work
I have encountered many challenges in this explorative research that require
bringing together multiple fields and diverse methods in ways that have not been
established previously. For instance, one of these challenges was detecting multi-
lingual users in Twitter and, more broadly, determining language profiles of users
(if they are monolingual or multilingual), and assigning language labels accordingly.
An example of the multidisciplinary character of this dissertation is the application
of social network analysis to sociolinguistic questions.
As a result of the decision process for resolving the challenges as they became
apparent, a concomitant contribution of this research are the methodology consid-
erations. Namely, the process of testing natural language identification tools, the
relationship between number of posts per user analyzed and estimated error rates
in language profiling, can serve as a guide to approach the problems arising in the
study of languages in Twitter.
Another challenge of doing research about Twitter (and other Internet plat-
forms) is that the findings on particular aspects of this fast evolving environment
can easily become outdated. This dissertation aimed at answering the research ques-
tions without requiring an exhaustive revision of the Twitter interface, which has
changed several times in the past years, and at obtaining conclusions that could
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be informative for the study of other social networks and communication environ-
ments that share the key characteristics of Twitter, like being public, reposting and
replying capabilities, etc.
This chapter discusses the results of the studies that compose this disserta-
tion, and highlights the key contributions and future directions of this research.
Ultimately, I hope this discussion provokes questions for new studies.
8.1 Of Links, Social Ties, and Gravitational Forces
The vision of a cosmopolitan Internet with vibrant communities, enabling
contact with the unfamiliar, discovery, and the serendipity that propitiates learning
[119] is challenged by the existence of language frontiers online.
In the view of the Global Language System theory (section 2.1), multilingual
people constitute the gravitational force that provides cohesion to the system, by
connecting different language groups. There is empirical evidence of this language
bridging in the blogosphere [53, 32].
The language ecology approach (section 2.2) connects these macro-scale di-
mension of languages with the micro-scale level of interactions between individuals.
Social network analysis provides an analytic tool for studying these language ecolo-
gies that emerge from the interactions of the multilingual users with their social
connections.
The main contribution of this dissertation is going beyond survey information
about multilingualism in Twitter [83, 55], and providing a deeper understanding
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about the structural relations between language communities in a social network
online. Although inspired by previous studies on the blogosphere [53], this research
enhances the descriptive analysis with the creation and definition of theoretical
constructs: the types of bilingual networks.
Focusing on the networks of multilingual users, the social network analysis re-
vealed three types of bilingual networks: the Gatekeeper-Language bridge, represent-
ing a continuum of increasing connections between two separate language groups;
the Integration and union type, representing a continuum of increasing penetration
of one language group within the structure of the other; and the Peripheral language
type, where one language group is smaller or less cohesive, and lies at the periphery
of the social graph.
This research conceives of the social network of multilingual users as a micro-
scale language ecology, influencing their communication strategies and language
choices. This conceptualization leads to a second key contribution, which is the
novel idea of modeling the influence of social network factors in the language choices
of the user.
In the factor analysis, the dependent variables considered are the proportion of
English use and non-English use within the posts of the user. The factors included
are the proportion of English and non-English language users in the social network
of the multilingual subject, and the degree of multilingualism of the social network.
The relative importance of factors is represented by the coefficients obtained by
fitting two generalized linear models to the dataset (linear and logistic regression).
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The proportion of English users in the network constitutes a key influencing
factor in the frequency of English use by the multilingual individual. Similarly, the
proportion of non-English language (L2) users in the network is a very important
factor influencing the frequency of L2 use by the multilingual person. The results
suggest that multilingual Twitter users perceive the language composition of their
network and interact accordingly. Or on the contrary, the language choices of mul-
tilingual users might attract followers of a specific language profile. Most probably,
the relation goes both ways, in a self-feeding cycle.
Shifting attention from the social network to the content of the posts written
by the multilingual users, I tested the hypothesis that the type of exchange (public
post versus reply to an individual) influences the choice between English and other
languages. The result reinforces previous empirical findings suggesting that sending
public messages to a seemingly multilingual audience encourages the use of English
[31, 65].
Finally, there is another gravitational force that could connect language groups
and affect language choice: topics [65, 5]. Common interest in certain topics attract
people from different cultures, and encourages the creation of cross-language links
to resources and news [47].
As a step toward future studies on international topics, this dissertation ex-
plores what themes might be raising cross-cultural awareness. I identified themes
related to non-English speaking countries or communities in English posts, and I
concluded that international news was the most popular theme.
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Also, I identified English hashtags (keywords preceded by the # sign) inserted
in non-English posts and related contexts that could encourage multilingual con-
versations. International conferences and music festivals attract multilingual and
multicultural audiences, who conform to the same Twitter hashtag and generate
multilingual conversations around the event taking place. These international events
might be key in promoting cross-language sharing of resources and creating social
ties across geographic regions.
If we embrace the idea of a vibrant language ecology on the Internet, we should
challenge the existing structure of the network of hyperlinks and social ties. For
instance, empowering multilingual users to leverage their social ties across language
groups, facilitating translation, and recommending links to resources in different
languages.
8.2 The Road Ahead...
Future directions for this research include scaling up the social network analysis
to account for multilingual users with larger social networks. This will require
improving the methods for analysis of larger collections of data, e.g. training natural
language identification tools to detect transliterated text, and using spam detection
algorithms.
Also, I envision expanding the theme analysis to include methods of automatic
topic detection in multiple languages, or crowdsourcing annotations using platforms
such as Mechanical Turk or CrowdFlower (i.e. sending micro-tasks to large numbers
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of people for specifying the topics of Twitter posts). Further research could focus on
topic-based networks, targeting the sampling to specific language pairs and topics
for enabling comparisons across languages and a more complex factor analysis.
Finally, studying the evolution of social networks over time could unveil the
relationship between the language composition of the social network, audience per-
ception, and language choice. In relation to this, other questions arise: wether
multilingual users are aware of the type of social network they have; and if they are,
how this affects their language choices.
8.2.1 Translation and Mediation in Twitter
In section 7.1, I describe my unsuccessful attempt to generate a hypothesis
in relation to bilingual posts and repostings with a comment, as a previous step to
identify translation behaviors. However, the resulting number of bilingual posts in
the ego dataset was only 37. It seems that the limited number of characters allowed
poses a problem for including a translation together with the original comment
in the same post. Alternatively, translations might be found in separate posts
but, unlike reposting, there is no way to connect the translation to the original
message. Also, some people create separate accounts for each language to address
different audiences. Future research could use automatic topic analysis to identify
translations.
Although Twitter enables the use of many languages and writing systems
thanks to Unicode, it does not offer support for translation or features for strengthen-
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ing connections between language groups. Regarding support for translation, there
are not embedded linguistic resources on the interface, such as machine translation,
dictionaries or transliteration tools. The meedan project [113] organizes volunteers
for translating Twitter posts and has encountered a number of challenges: engag-
ing users in translation, linking and representation of translations in relation to the
original post, authorship, validation, etc.
Instead of relying on volunteer translators, we could seek ways to encourage
translation, cross-language linking and connection behaviors that are happening
already. However, in Robert Munro’s words, there is not a “unified resource that
links people by languages spoken” in social media [96], which would be a helpful
starting point.
Recommendation mechanisms could foster the creation of cross-language links.
For example, AlMeshary and Abhari [4] propose a strategy for recommending people
to follow on Twitter with the purpose of obtaining local information in the context
of a user relocating from a different country. They use machine translation to match
the users’ interests found in their posts with the local offers.
Finally, by studying the dynamic language preferences of multilingual users,
not only we will be in a better position to design a satisfying experience for those
users, but also we are learning how to help them in their mediation tasks. This
dissertation advances in that direction by modeling the influence of factors in the
language choices of the multilingual users.
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8.2.2 Who Are the Multilingual Users?
This dissertation focuses on multilingual users because of their role in connect-
ing different language groups. But who are they? Are they expatriates? Members
of minority communities? Language learners?
Twitter posts and the languages in which they are written represent just a
limited language profile of the user, and they barely provide any social context.
Androutsopoulos recommends to take into account the digital surroundings when
analyzing written text, for instance, looking at the pictures and videos that are
linked [6]. Also, adding detailed geographic information could help in building a
more complete profile.
Understanding more about the context of multilingual users could help in the
identification of roles and motivations for mediating between language groups and
in finding the relationship of these roles with network types.
The next step after this dissertation is adding consideration of geolocation
information and content analysis of the resources linked in the posts to provide
more attributes for nodes and edges in the social network analysis. Additionally,
ethnographic methods could shed light on who are the people and what are the




Social media is international: users from different cultures and language back-
grounds are communicating, generating and sharing content. However, language
barriers emerge in the communication landscape online. The aspiration of an Inter-
net that constitutes a cosmopolitan space and fosters language diversity has stum-
bled over the language frontier.
In the microblogging site Twitter, information spreads across languages and
countries. But how are the news traveling across borders? Expatriates, migrants,
minorities, diasporic communities, and language learners play an important role in
forming transnational networks and cultural bridges between nations and commu-
nities. They are multicultural and multilingual.
This dissertation studied how multilingual users of Twitter mediate between
language groups in their social network, looking at social connections and language
choices. The overarching goal that motivates this research is to advance our un-
derstanding of the network structures and communication strategies that enable
intercultural dialog, cross-language sharing of information, and awareness of global
problems. The implication for the design of social media platforms is that, instead
of constraining multilingual users to only one language option, technology should
support their language-switching and mediating role between cultures.
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The objectives of this dissertation were: (1) to explore the ways in which
multilingual users of Twitter are connecting different language groups in their social
network; (2) to model how the network influences their language choices; (3) and
to explore what the textual features of their posts can elicit about language choices
and mediation between groups.
RQ 1: In what ways are multilingual users of Twitter connecting language
groups? Focusing on the social network of 92 multilingual users, the methodology
combined a qualitative approach to social network analysis and network statistics
to present a classification of network types based on the patterns of connections
between language groups. The study followed an exploratory design, with a first
qualitative phase that took a grounded theory approach to classify the network
visualizations, and a second quantitative phase that complemented the qualitative
study with network statistics specifically created to provide a robust definition of
network types. Finally, I used machine learning for testing the results.
The social network analysis revealed three differentiated types of bilingual
networks: the Gatekeeper-Language bridge, representing a continuum of increasing
connections between two separate language groups; the Integration and union type,
representing a continuum of increasing penetration of one language group within
the structure of the other; and the Peripheral language type, where one language
group is smaller or less cohesive, and lies at the periphery of the social graph.
RQ 2: How is the social network of multilingual users in Twitter influencing
their choice of language? The factor analysis modeled the influence of a set of fac-
tors related to the social network in the language choices of multilingual users. The
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dependent variables considered are the proportion of English use and non-English
use within the 50 posts of the user. The factors included are the proportion of
English and non-English language users in the social network of the multilingual
subject, and the degree of multilingualism of the social network. The relative im-
portance of factors, or their weight, is represented by the coefficients obtained by
fitting two generalized linear models to the dataset (linear and logistic regression).
The proportion of English users in the network constitutes a key influencing
factor in the frequency of English use by the multilingual individual. Similarly, the
proportion of non-English language (L2) users in the network is a very important
factor influencing the frequency of L2 use by the multilingual person. Interest-
ingly, the influence of the factor proportion of English users in the network is also
important when modeling L2 use, and negatively correlated to it. Regarding the
multilingual index, the results were inconclusive about its influence in the language
choice of multilingual users.
RQ 3: Does the type of exchange in Twitter influence the language choice of
multilingual users? I shifted the attention from the social network to the content of
the posts written by the multilingual users. First, I looked at the textual feature of
the @ sign at the beginning of a post as an indicator of addressivity. Based on this
indicator, I tested the hypothesis that the type of exchange (public post versus reply
to an individual) influences the choice between English and other languages. The
result reinforces previous empirical findings suggesting that sending public messages
to a seemingly multilingual audience encourages the use of English.
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RQ 4: What the themes and textual features in the posts of multilingual users
reveal about cross-cultural awareness or international dialogue? Finally, I looked at
content with the objective of detecting themes that might help in creating cross-
cultural awareness, where the multilingual users could be acting as mediators from
the point of view of their messages. I identified themes related to non-English speak-
ing countries or communities in English posts and, also, I identified English hashtags
(keywords preceded by the # sign) inserted in non-English posts. Using a generic
theme analysis, I concluded that international news was the most popular theme
when mentioning a non-English speaking place. This study serves as an explorative
qualitative phase to inform the design of future studies after this dissertation work.
The main contribution of this dissertation is going beyond survey information
about multilingualism and providing a deeper understanding about the structural
relations between language communities in a social network online. This research
work is one of the few that apply social network analysis to the study of sociolinguis-
tic questions on the Internet. In particular, it contributes an original classification
of network types based on the patterns of connections between language groups,
complemented with new network statistics that enhance the definitions of these
theoretical constructs.
Adapting the Ecology of Language approach from Sociolinguistics to the social
network context, this research conceived of the social network of multilingual users
as a micro-scale language ecology, influencing their communication strategies and
language choices. This conceptualization led to the novel idea of modeling the
influence of social network factors in the language choices of the user.
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This dissertation can benefit the study of information diffusion regarding the
potential impact of these types of network structures on cross-language flows. Also,
it contributes to understanding users’ behavior and informing the design of social
media platforms.
Future directions for this research include: scaling up the social network
analysis to account for multilingual users with larger social networks; studying topic-
based networks and detecting cases of translation; targeting the sampling to specific
language pairs and topics for enabling comparisons across languages and a more
complex factor analysis; studying the evolution of social networks over time to ex-
plore how this affects audience perception and language choice.
The next step to this dissertation research is adding geolocation information
and content analysis of the resources linked in the posts to provide more attributes
for nodes and edges in the social network analysis. Finally, ethnographic methods
could shed light on who are the people and what are the reasons that connect
different cultural and linguistic groups.
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Appendix A
Visualizations of Social Networks
This appendix contains the visualizations of the 92 egocentric networks, with
the qualitative category assigned, the language codes and corresponding colors. Lan-
guage labels can have one language code, following the ISO standard codes for names
of languages (eg. “en” for English, “es” for Spanish, “de” for German), two lan-
guage codes joined by the + sign in the case of bilinguals, the word “empty” for
nodes with no data available, the number 0 for nodes where the language could not
be identified. All visualizations were made with the Gephi social network analysis
tool, using the Force Atlas layout. The size of the nodes represents betweenness
centrality.
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Figure A.1: Trilingual networks (1).
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Figure A.2: Trilingual networks (2).
154
Figure A.3: Trilingual networks (3).
155
Figure A.4: Bilingual networks: gatekeeper type (1).
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Figure A.5: Bilingual networks: gatekeeper type (2).
157
Figure A.6: Bilingual networks: gatekeeper type (3).
158
Figure A.7: Bilingual networks: gatekeeper type (4).
159
Figure A.8: Bilingual networks: gatekeeper type (5).
160
Figure A.9: Bilingual networks: gatekeeper type (6).
161
Figure A.10: Bilingual networks: language bridge type (1).
162
Figure A.11: Bilingual networks: language bridge type (2).
163
Figure A.12: Bilingual networks: language bridge type (3).
164
Figure A.13: Bilingual networks: language bridge type (4).
165
Figure A.14: Bilingual networks: language bridge type (5).
166
Figure A.15: Bilingual networks: language bridge type (6).
167
Figure A.16: Bilingual networks: union type (1).
168
Figure A.17: Bilingual networks: union type (2).
169
Figure A.18: Bilingual networks: union type (3).
170
Figure A.19: Bilingual networks: union type (4).
171
Figure A.20: Bilingual networks: integration type (1).
172
Figure A.21: Bilingual networks: integration type (2).
173
Figure A.22: Bilingual networks: integration type (3).
174
Figure A.23: Bilingual networks: integration type (4).
175
Figure A.24: Bilingual networks: integration type (5).
176
Figure A.25: Bilingual networks: integration type (6).
177
Figure A.26: Bilingual networks: integration type (7).
178
Figure A.27: Bilingual networks: integration type (8).
179
Figure A.28: Bilingual networks: peripheral language type (1).
180
Figure A.29: Bilingual networks: peripheral language type (2).
181
Figure A.30: Bilingual networks: peripheral language type (3).
182
Figure A.31: Bilingual networks: peripheral language type (4).
183
Figure A.32: Bilingual networks: peripheral language type (5).
184
Figure A.33: Bilingual networks: peripheral language type (6).
185
Figure A.34: Small and monolingual networks (1).
186
Figure A.35: Small and monolingual networks (2).
187
Figure A.36: Small and monolingual networks (3).
188
Figure A.37: Small and monolingual networks (4).
189
Figure A.38: Small and monolingual networks (5).
190
Figure A.39: Small and monolingual networks (6).
191
Figure A.40: Small and monolingual networks (7).
192
Figure A.41: Small and monolingual networks (8).
193
Appendix B
International Themes in English Posts
In the English language set of posts written by the 92 egos, totaling 2151 posts,
there are 227 posts in which a non-English speaking place or language is mentioned.
This appendix presents in landscape layout the complete list of places and languages
in the central column, with an extract of the textual context on the left side, and
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